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Chapter 1

Introduction

Economic inequality has increased in the majority of countries worldwide and in almost all
advanced economies over the last three decades (see e.g. Katz and Autor, 1999; OECD,
2009, 2011; Salverda and Checchi, 2015)." This phenomenon of unequal distribution
of resources, incomes and opportunities among individuals of a society is thus widely
present in public discussion, political debate and scientific research. With on the one hand
rising poverty and on the other hand increases in extreme wealth, economic inequality
is a considerable and persistent issue of today’s world. Since economic disparities can
impact the life of individuals in different ways, it is of special importance to develop
profound related knowledge that covers various aspects. Unequal distribution of salaries
and incomes is closely related to the individual’s well-being and involvement in society (see
e.g. Buttrick et al., 2017; Coccia, 2018; Van de Werfhorst and Salverda, 2012). Ultimately,
economic inequality may have impact on the cohesion of society, the voting behaviour and
thus on the political as well as social stability of a country (see e.g. Champernowne and
Cowell, 1998; Tavits and Potter, 2015; Vergolini, 2011).

Since differentials in pay are a decisive element of economic inequality (see e.g. Biewen
and Juhasz, 2012; Drechsel-Grau et al., 2022), this thesis focuses on this field of research.?
In this context, developments in wage inequality in Germany over the last decades repre-

sent an extensive and interesting area of analysis. Since the mid-1990s, wage inequality

! Besides economic inequality, there are several other types and dimensions of inequality that can be
observed, for example inequality in legal and social rights as well as inequality in education and health
(see e.g. Carter and Reardon, 2014).

20ther elements of economic inequality are for example income inequality as a whole, inequality in
wealth or inequality in opportunity (see e.g. Atkinson and Morelli, 2014).
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in Germany considerably increased with distinct rises in lower tail wage inequality (see
e.g. Antonczyk et al., 2010; Card et al., 2013; Dustmann et al., 2009). After 2010, the
literature provides evidence that wage inequality not further increased or even declined
(see e.g. Baumgarten et al., 2020; Méller, 2016). While it is not only necessary to reveal
changes in the development of wage differentials, it is also essential to identify driving
forces behind observed developments in wage inequalities. Thus, there is a vast literature
on factors that impact the wage distribution. The observed ageing of the population and
the trend towards higher educated individuals significantly impact the population struc-
ture in Germany and thus are often analysed as traditional factors in the context of wage
inequality (see e.g. Baumgarten et al., 2020; Biewen and Seckler, 2019). Another highly
discussed factor is the role of technological progress and its possibly biased impact on
different skill groups among workers (see e.g. Antonczyk et al., 2018; Spitz-Oener, 2006).
Further, studies show that the structure of labour market institutions, such as the level
of the minimum wage and the degree of unionization, (see e.g. Bossler and Schank, 2020;
Dustmann et al., 2009) but also international trade (see e.g. Felbermayr et al., 2014)
affect the distribution of wages. Moreover, wage differentials between specific groups of
workers, such as gender, peripheral-urban and immigrant-native wage gaps, are a pivotal
component in analysing overall wage dispersion (see e.g. Antonczyk et al., 2010; Brixy
et al., 2022; Ingwersen and Thomsen, 2021). Due to the large number and complexity of
driving forces behind changes in wage inequality, this thesis focuses on three challenges of
the German labour market in relation to unequal remuneration?®, resulting in the following

research questions:

o How do automation and robotization impact wage inequality among workers of the

manufacturing sector in Germany?

o How does the immigrant-native wage gap evolve over time in different economic

regions in Germany?

o To which extent does the introduced minimum wage affect the development of gender

wage gaps in the East and West of Germany?

3Besides the considered aspects, there are certainly further challenges that affect today’s labour mar-
ket, such as an aging population, shortage of skilled workers, the COVID-19 crisis and digitisation.
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These research questions address different aspects of inequality research. The first
question analyses the effect of technological progress on the wage structure and composi-
tion of the workforce in the manufacturing labour market. The second study deals with
between-group wage inequality of German and Non-German workers in the context of
increasing migration and regional-specific differences. The final research issue aims in
assessing the impact of an introduced policy instrument in relation to changes in wage
differentials between men and women.

In particular, the first study addresses technological progress, which is seen as one of
the most challenging developments in the world of work in recent decades. Considerable
advances in the use of robot technology, artificial intelligence as well as machine learning
lead to new possibilities of substituting human labour by machines within the production
process. With significant impact on labour markets and the nature of work, the economics
of automation is a crucial subject of labour market research (see e.g. Acemoglu and
Restrepo, 2018; Arntz et al., 2016; Dauth et al., 2021). On the one hand, new automation
technologies affect employment by automating specific jobs, possibly increasing demand
for other jobs as well as impact the composition of tasks within occupations (see e.g.
Acemoglu and Restrepo, 2020; Frey and Osborne, 2017; Graetz and Michaels, 2018). On
the other hand, technological progress impacts the wage structure and thus the wage
distribution of labour markets. In this context, the concept of skill-biased technological
change is regarded as one of the driving factors behind increases in wage inequality in many
countries during recent decades. Arguing that automation technologies disproportionately
raise productivity of high-skilled workers to the detriment of low-skilled workers, this
development is seen to contribute to a widening of the wage distribution (see e.g. Acemoglu
and Restrepo, 2020; Autor and Dorn, 2013; Lankisch et al., 2019).

The second part of this thesis deals with wage differentials in regards to international
migration. In 2019, the number of international migrants in the world nearly reached 272
million people, where Europe hosted with 82 million the largest number of the migrant
population (United Nations, 2019). At the same time, the circumstances of an aging
population and a relating thereto shrinking labour force as well as a significant lack of

specialists pose considerable challenges to contemporary labour markets (see e.g. Mer-
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gener and Maier, 2019; Serban, 2012). In the case of Germany, opening up the job market
and promoting qualified immigration are seen as one of the factors to counteract these
developments (OECD, 2018). In that respect, an efficient integration of Non-German
workers in the labour market has to be facilitated (see e.g. Brunow and Jost, 2022; Ing-
wersen and Thomsen, 2021). Therefore, in order to define necessary measures of action
and to provide appropriate conditions to include foreign workers into the labour market,
existing wage gaps and characteristics of prevalent workers have to be revealed. Analysing
immigrant-native wage differentials over time and their respective driving forces are thus
essential and provide information for the socio-economic integration of immigrants.

The last part of this thesis is linked to the introduction of the minimum wage in
Germany. With potentially considerable effects on the wage structure and employment,
wage floors have always been subject of international controversial discussions among
economists and policymakers (see e.g. Card et al., 1994; Machin and Manning, 1997;
Neumark and Wascher, 1994). Following traditional standard models, an introduced or
increased minimum wage will lead to job losses especially among low-skilled workers (Neu-
mark and Wascher, 2015). However, recent studies provide evidence to contradict this
prediction (see e.g. Bossler and Gerner, 2020; de Linde Leonard et al., 2014; Dustmann
et al., 2022). Being confronted with a low-wage sector of considerable extent (see e.g.
Grabka and Schroder, 2019) and a long-lasting rise in wage inequality (see e.g. Card
et al., 2013), a national binding minimum wage of €8.50 per hour was introduced in Jan-
uary 2015 in Germany. With the primary aim of raising hourly wages at the lowest level
of the wage distribution, around 11% of all jobs were directly affected by the introduced
wage floor (Destatis, 2016). In that context, the observed impact on different groups
of employed persons is highly varied. Marginal and part-time employment relationships
as well as workers in the East of Germany and with fixed-term contracts are especially
affected. Apart from that, there are also considerable gender-specific differences in the

extent to be affected by the minimum wage (Amlinger et al., 2016).

The above mentioned research questions all have one feature in common: applying

decomposition methods, it is possible to answer them. With the seminal estimation
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procedure in this context, that is extended with state-of-the-art modifications, the afore-
mentioned challenges of the labour market are analysed. Providing new evidence in all of
these three areas, this thesis not only contributes to the current understanding of wage
inequality and its driving forces in Germany but also identifies channels through which
policymakers may address these issues. Chapter 2 examines the contribution of automa-
tion and robotization on wage inequality by implementing a new measure of automation
threat in which the information about occupation- and requirement-specific automation
probabilities with sector-specific robot densities are combined. In Chapter 3 changes in
wage differentials between German and Non-German workers and the relating thereto
explaining factors are analysed over time. In doing so, new evidence on regional-specific
differences between metropolitan and non-metropolitan areas are identified. Chapter 4
reveals the impact of the introduced national binding minimum wage in 2015 on the

observed gender wage gap, where new evidence on various group-specific responses is pro-

vided.

In order to identify explanatory factors that drive wage inequality between groups or
over time, applied economists use decomposition methods. The seminal papers of Oaxaca
(1973) and Blinder (1973) provide a method that is now the standard tool in the toolkit
of inequality research and are among the most heavily cited studies in labour economics
(Fortin et al., 2011). This standard approach distinguishes between explained effects, due
to differences in observable characteristics, and unexplained effects, due to differences in
coefficients.* Further, various explanatory variables can be considered, which leads to
a better understanding of driving factors behind wage differentials and changes in wage
inequality. Apart from the analysis of mean wage gaps, there are several methodologi-
cal modifications that extend the basic decomposition strategy with other distributional
parameters (see e.g. Chernozhukov et al., 2013; Juhn et al., 1993; Machado and Mata,
2005). In this thesis, the extension of the Oaxaca-Blinder decomposition using the recen-
tered influence function regressions approach introduced by Firpo et al. (2018) is applied

in different contexts. This procedure allows detailed decomposition results based on per-

4Tn the following, the terms explained effect and composition effect as well as unexplained effect and
wage structure effect are used interchangeably.
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centiles and percentile differences as well as on other inequality measures such as the Gini
coefficient and the variance. Further, the reweighting approach introduced by DiNardo
et al. (1996) is combined with the above mentioned estimation procedures in various ways

in order to address the respective research questions.

The first research project in Chapter 2 (joint work with Franziska Brall) addresses
the question to which extent automation and robotization impact wage inequality in the
manufacturing sector in West Germany between 1996 and 2017. The rise in automation
technologies is recently discussed as a potential explanatory factor for changes in economic
inequality. However, until now existing empirical literature on the impact of technologi-
cal progress on wage inequality using data on industrial robots is scarce. Since the early
1990s automation has entered virtually every area in the economy. The production sector
uses widely automated processes that on the one hand increase the productivity of labour
but on the other hand also enable the substitution of it (see e.g. Acemoglu and Restrepo,
2020; Autor, 2015; Dauth et al., 2021; Dengler et al., 2014; Frey and Osborne, 2017).
Having one of the highest robot densities worldwide, Germany is in this context an inter-
esting field of research. This study is the first to implement a measure of automation and
robotization in a decomposition analysis in order to disentangle the relative importance
of automation technologies for wage inequality in the German manufacturing sector. The
proposed measure of automation threat combines occupation- and requirement-specific
scores of automation risk with yearly sector-specific robot densities. Using rich linked
employer-employee data and information on industrial robots from the International Fed-
eration of Robotics, it is possible to account for a variety of different worker and plant
characteristics as well as disentangle their relative contributions to changes in German
wage dispersion. The empirical strategy is based on the Oaxaca-Blinder decomposition
using recentered influence function regressions on several inequality indices (see Fortin
et al., 2011). During the time period between 1996 and 2010 the most important factors
that are associated with an increase in wage inequality are compositional changes in edu-
cational levels and the age structure of workers, reflecting an observed shift towards older

and higher educated workers in the underlying data. In addition, it is revealed that the
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automation-related explained effect plays a significant non-negligible role in the overall
composition effect. This effect is explained by the observable trend towards occupations
with medium automation threat, accompanied by decreasing shares of occupations with
high and low automation threat. Due to the fact that within-group wage inequality is
the lowest in the group with the highest automation threat, those compositional changes
contribute to an increase in wage inequality. In addition, the decomposition analyses
provide evidence of a growing wage dispersion between occupations with low automation
threat (especially related to non-routine tasks) and occupations with high automation
threat (especially related to routine tasks). Following these results, there is rising wage
inequality as predicted by routine-biased technological change, where progressing tech-
nology increases the relative demand and consequently the relative wages for non-routine
tasks in comparison to routine tasks (see e.g. Acemoglu and Autor 2011). In the more
recent time period until 2017, compositional changes in automation threat are the major
factor that contributes to wage inequality through the composition effect. However, the
overall positive aggregate composition effect is compensated by negative wage structure
effects, leading to a rather constant development of wage inequality in this period.

In Chapter 3 (single authored) new evidence on immigrant-native wage differentials
in consideration of regional differences between metropolitan and non-metropolitan areas
between 2000 and 2019 for West Germany is presented. As a result of recent migration
developments, studies analysing wage differentials between immigrant and native-born
workers and the related driving forces attracted special interest during the last years (see
e.g. Aldashev et al., 2012; Ingwersen and Thomsen, 2021). Building up on standard liter-
ature that covers effects of immigration on labour market outcomes of the host-country’s
workforce (see e.g. Borjas, 2014; Ottaviano and Peri, 2012) as well as on studies dealing
with ethnic clustering in larger cities (see e.g. Glitz, 2014; Schaffner and Treude, 2014),
this study adds to current literature evidence on developments of immigrant-native wage
differentials with a special focus on regional differences between German metropolitan and
non-metropolitan areas. Further, it contributes not only new evidence for the years after
the beginning of the refugee crisis in 2014/15, but also presents analyses over time and

thus shows how effects of various explanatory factors on wage differentials evolve. Using
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linked employer-employee-data, unconditional quantile regression models are estimated in
order to assess the degree of labour market integration of foreign workers along the whole
wage distribution. Applying the extended version of the Oaxaca-Blinder decomposition
method, the results provide evidence on driving factors behind wage gaps (see Fortin et al.,
2011). Aggregate decompositions identify considerable differences in the size of wage gaps
along the wage distribution, where in all cases the majority can be explained by differences
in observed characteristics. Further, detailed decomposition analyses present insights in
explanatory factors behind wage differentials between German and Non-German workers.
It is revealed that there are not only changes in the relative importance of explanatory
variables over time, but also the driving factors of wage disadvantages of foreign workers
shift along the wage distribution. Whereas the impact due to differences in educational
attainment decreases, there are significant sector-specific effects in the lower half of the
wage distribution and occupation-specific effects for higher wages. Differentiating between
various areas in Germany, on average, larger wage gaps are revealed in metropolitan areas
with at the same time a higher presence of foreign population. Increasing tendencies in
wage differentials due to immigration are especially identified at lower wage levels, provid-
ing evidence of a widening of the wage distribution between native and foreign workers.
As a consequence of these results, several policy-related implications can be defined that
address current issues in Germany, such as employers’ insecurity about immigrants’ lack
of work experience in the German labour market as well as general problems related to
the shortage of skilled labour and an aging population.

The third research project in Chapter 4 (single authored) evaluates the effect of the
introduced national minimum wage on the gender wage gap in Germany. Being one of the
most discussed issues in labour economics, the national minimum wage was introduced
in 2015 after many years of debate. The vast amount of international empirical studies
provides evidence of possible effects of an introduced wage floor on labour market out-
comes such as employment and wages but also working hours, prices and productivity (see
e.g. Coviello et al., 2022; Dolton et al., 2015; Lemos, 2008; Stewart and Swaffield, 2008).
Analysing Germany is a particularly interesting case. First of all, it is a rare example

of a large developed country that introduces a national binding minimum wage (Bruttel,
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2019). Further, Germany has a distinct low-wage sector that significantly increased dur-
ing the last two decades and affects a considerably larger share of women compared to
men (Grabka and Schroder, 2019). At the same time, there is one of the highest observed
unadjusted gender wage gaps in the European Union with significant constant values over
time (Eurostat, 2022). In this context, this study contributes to the exiting literature
by providing first evidence on the impact of the introduced national binding minimum
wage in 2015 on observed wage differences between men and women in Germany. The
separate analyses of the East and West of Germany moreover not only identify regional-
specific differences before the introduction of the minimum wage but also reveal varied
responses of gender wage gaps. Lastly and most important, the applied method provides
a strategy to analyse how decreases in wage differentials can be separated into an effect
due to changes in the observed characteristics and into an impact resulting from the wage
floor. Using administrative data, a difference-in-differences framework is applied, where
counterfactual wage distributions introduced by DiNardo et al. (1996) are estimated. For
the years around the minimum wage introduction, a significant drop in the size of wage
differentials in the lower half of the wage distribution is revealed. At the same time,
estimated minimum wage bites show that there are significant differences regarding gen-
der and location of residence regarding the magnitude of impact, with higher values for
women and workers in the East of Germany. Further, the estimated gender wage gap
is on average significantly larger in the West of Germany. However, the minimum wage
induced reduction of pay gaps is on average higher in the East of Germany. This confirms
the hypothesis of a significant decrease in gender wage gaps in regions, where workers are
strongly affected by the minimum wage introduction. Overall, the majority of decreases
at lowest wage levels in the West and East of Germany are explainable by the wage struc-
ture effect that results from the wage floor and only smaller impact is identified due to
changes in observed characteristics. The estimates of the counterfactual decomposition
analyses additionally support the effectiveness of the policy measure.

Finally, after the detailed presentation of the three empirical studies, Chapter 5 con-
cludes the thesis.
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Chapter 2

Automation, Robots and Wage
Inequality in Germany: A

Decomposition Analysis

2.1 Introduction

During the last decades, Germany experienced increasing wage inequality like many other
industrialised countries all over the world. The considerable rise in German wage disper-
sion since the 1990s is well documented by a vast literature (see e.g. Antonczyk et al.,
2018; Card et al., 2013; Dustmann et al., 2009). At the same time, automation technolo-
gies have entered virtually every area in the economy. The manufacturing sector uses
widely automated processes that on the one hand increase the productivity of labour but
on the other hand also enable the substitution of labour.

Although there is a lot of current research analysing the impact of automation on
labour market outcomes (see e.g. Acemoglu and Restrepo, 2020; Dauth et al., 2021; De
Vries et al., 2020; Kariel, 2021), we are one of the first who examine the relative contribu-
tion of automation and robotization on wage inequality using a decomposition analysis.
In order to measure the contribution of automation and robotization, we implement a new
measure of automation threat in which we combine the information about occupation- and
requirement-specific automation probabilities with sector-specific robot densities. This al-

lows us to take into account, that on the one hand working in a sector with lower robot
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density is associated with a lower automation threat than working in a sector with higher
robot density, regardless of the occupation. On the other hand, working in the same sector
but in different occupations or requirement levels naturally leads to a different threat of
automation.

In addition, we enlarge the covered time period of the existing literature by consid-
ering wage inequality developments in the German manufacturing sector from 1996 to
2017. We find that the recent time period exhibits steady or even declining wage in-
equality developments. Nevertheless, even in this more recent period, we find evidence of
an inequality-increasing contribution due to compositional changes in automation threat
structures. Using the administrative linked employer-employee data provided by the Ger-
man Institute for Employment Research (IAB), we are able to evaluate the importance
of further individual-, firm- and industry-specific explanatory factors on German wage
inequality. We apply the extended Oaxaca-Blinder decomposition method based on re-
centered influence function (RIF) regressions introduced by Firpo et al. (2018). Using
this empirical estimation strategy, we are able to disentangle the relative contribution
of several covariates on different inequality measures. Moreover, we are able to distin-
guish between composition and wage structure effects. It is important to note that the
decomposition analysis enables us to identify sources that contribute to wage inequality,
however, our results cannot be interpreted as causal effects.

We reveal that besides the commonly used demographic factors, our measure of au-
tomation threat contributes significantly to wage inequality in the German manufacturing
sector. We identify compositional effects due to automation threat as a non-negligible fac-
tor associated with changes in wage inequality in Germany. There is an observable trend
towards occupations with medium automation threat, accompanied by a decreasing share
of occupations with high and low automation threat. Due to the fact that within-group
wage inequality is the lowest in occupations with the highest automation threat, those
compositional changes are associated with an increase in overall wage inequality.

Moreover, we find evidence that there is growing wage dispersion between workers in
occupations with high and low automation threat that contributes to rising overall wage

inequality between 1996 and 2010. This result is supported by the predictions of routine-
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biased technological change (RBTC), where technology is replacing labour in routine tasks
and complements labour in non-routine tasks (see e.g. Acemoglu and Autor, 2011; Autor
et al., 2003; Goos and Manning, 2007). An increase in technology would increase the rel-
ative demand for non-routine tasks compared to routine tasks, which leads to an increase
in the relative wage returns of workers performing the former tasks. Our proposed au-
tomation threat variable captures different automation probabilities in occupations based
on a task-based approach. Due to this, we can link the changes in relative wages between
workers in occupations with high and low automation threat to RBTC, where the rela-
tive wage of non-routine tasks that are typically at low risk of automation is increasing
compared to routine tasks that are usually faced with higher risk of automation, leading
to a rise in wage dispersion between those two groups.

Regarding the general empirical approach and the applied data, this paper is related
to Antonczyk et al. (2010), Biewen and Seckler (2019), Felbermayr et al. (2014) and
Baumgarten et al. (2020), who have implemented decomposition analyses of the wage
distribution in Germany using linked employer-employee data. Antonczyk et al. (2010)
and Biewen and Seckler (2019) analyse the increase in wage inequality in West Germany
and show that firm effects, bargaining effects and personal characteristics mainly account
for the rise in wage dispersion. Felbermayr et al. (2014) restrict the sample to the man-
ufacturing sector and focus on the contribution of investment in new technologies and
international trade to the increase in wage inequality from 1996 to 2010. Their results
show that the change in the wage distribution can be explained to a large extent by
composition effects, where the traditional factors such as age, education and collective
bargaining agreements play the most important roles. Investment in new technologies
as well as international trade had no significant influence on wage dispersion. More re-
cently, Baumgarten et al. (2020) enlarge the covered time period up to 2014 and show
that overall wage inequality in Germany has been rising up to 2010 before decreasing
slightly thereafter.

There is a variety of theoretical and empirical literature that supports the imple-
mentation of automation threat as a factor of rising wage inequality. The endogenous

growth models presented by Acemoglu and Restrepo (2018), Hémous and Olsen (2022)
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and Prettner and Strulik (2019) analyse labour-saving innovation and their impact on
economic growth and inequality. While Acemoglu and Restrepo (2018) and Hémous and
Olsen (2022) focus on the production sector in order to analyse under which conditions
(low-skilled) workers could gain from automation, Prettner and Strulik (2019) endogenise
education decisions of households in order to capture the race between education and tech-
nology. Beside conceptual differences, in all three endogenous growth models automation
tends to increase wage inequality. Lankisch et al. (2019) present a variant of the Solow
(1956) model with high-skill workers, low-skill workers and automation capital. In this
simpler model, an increase in automation leads as well to a rise in the skill premium.
Turning to empirical literature, Autor et al. (2003) show that an increase in computeri-
sation goes along with a relative shift in labour demand towards college-educated workers.
Furthermore, Acemoglu and Restrepo (2020) find evidence that a rise in robot exposure
reduces employment and wages between 1990 and 2007 in the USA. In a similar way
Dauth et al. (2021) analyse the effect of robot exposure in Germany and show that a rise
in robot exposure decreases employment of workers in the manufacturing industry. They
provide evidence that the negative employment effect is offset by an increase in employ-
ment in the service sector. In addition, they show that robot exposure increases inequality
within the manufacturing sector, because those who remain by their original employer ex-
perienced higher wages, while those who are forced to leave their original firm are faced
with wage losses. Kariel (2021) introduces a new measure of automation that captures
the regional exposure to automation innovation and finds evidence that automation has a
negative impact on manufacturing employment in the UK, while it increases employment
in other industries such as services. De Vries et al. (2020) analyse the impact of industrial
robots on occupational shifts by task content and find evidence that the increased use of
robots rise the employment share of especially non-routine analytic jobs, while it decreases
the share of routine manual jobs. Aksoy et al. (2021) examine the impact of robots on
the gender wage gap in European countries and find evidence that while both men and
women receive an increase in earnings due to robotization, men at medium- and high-skill
occupations benefit disproportionately. Kaltenberg and Foster-McGregor (2020) present

related decomposition analyses on wage distributions in 10 European countries, where
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Germany is not included, and focus on the impact of automation risk of occupations be-
tween 2002 and 2014. They find evidence that the composition effect contributes to a
large extent to automation related wage dispersion in all countries, while the wage effect
explains automation related inequality in half of the countries.

The remainder of this paper proceeds as follows: Section 2.2 describes the different
data sets used in our empirical analysis. In Section 2.3 we outline our empirical ap-
proach and define our variable quantifying automation threat. Descriptive evidence on
the development of wage inequality and automation as well as descriptive statistics of our
explanatory variables are revealed in Section 2.4. Finally, we present our empirical results

in Section 2.5 before we conclude in Section 2.6.

2.2 Data

Labour market data. We use German linked employer-employee data (LIAB), pro-
vided by the Research Data Centre of the Institute for Employment Research (IAB).!
The data set combines information on the yearly representative employer survey (IAB
Establishment Panel) with the corresponding establishment and individual data, drawn
from labour administration and social security. The IAB Establishment Panel has been
conducted since 1993 in West Germany as well as since 1996 in East Germany and con-
tains establishments with at least one employee subject to social security. The sample size
of the IAB Establishment panel increased from roughly 4,000 establishments in 1993 to
more than 16,000 establishments in 2017. Due to the fact that larger establishments are
overrepresented, the IAB provides appropriate weights to ensure a representative sample.
This sample of establishments is matched with the social security data of workers who
were employed in those establishments on 30th June of each year. Therefore, workers that
do not contribute to social security are not included in the panel.

The main advantage of the LIAB data is the wide set of information of the work-

'In more detail, this study uses the LIAB cross-sectional model 2, version 1993-2017, of the Linked-
Employer-Employee Data (LIAB) from the TAB. Data access was provided via on-site use at the Research
Data Centre (FDZ) of the German Federal Employment Agency (BA) at the Institute for Employment
Research (IAB) and subsequently remote data access. DOI: 10.5164/IAB.LIABQM29317.de.en.v1. For
detailed data description see Schmidtlein et al. (2019).
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ers characteristics and of the particular establishment in which they are employed. The
data contains personal information of the workers such as gender, year of birth, national-
ity, vocational training, education and place of residence as well as information on their
employment like daily wage, occupation, task level and number of days in employment.
Moreover, the data set provides information on the establishments such as the classifica-
tion of economic activities, total number of employees and region.

We restrict the data to male full-time workers in the manufacturing sector in their
main employment between 18 and 65 years, who earned more than 10 Euros per day and
consider the time period between 1996 and 2017.2 Following the common literature on
wage inequality in Germany, we restrict our analysis to West Germany, due to the fact
that East and West of Germany are still faced with significantly different labour market
and wage structures (see e.g. Baumgarten et al., 2020; Biewen and Seckler, 2019; Dust-
mann et al., 2009). The wage earnings recorded by social security are right-censored at
the contribution assessment ceiling of the social security system. To account for this prob-
lem, we use imputed wages following the approach by Gartner (2005).> Non-censored and
imputed wages are converted into constant 2015 Euros with the Consumer Price Index

provided by the German Federal Statistical Office.

Robot data. The data on industrial robots is obtained from the International Feder-
ation of Robotics (IFR), which is commonly used in recent analyses (see e.g. Acemoglu
and Restrepo, 2020; Anelli et al., 2021; Dauth et al., 2021). The data contain the stock
of industrial robots for 50 countries broken down at the industry level, where data avail-
ability differs across countries. German robot data is available from 1993 to 2017. An
industrial robot is defined as “an automatically controlled, reprogrammable, multipurpose

[machine|” (International Federation of Robotics, 2018).* The data rely on primary and

2Due to the fact that the data do not contain any information on the number of working hours, we
decide to consider only men working full-time. We are aware of this strong restriction, nevertheless it
reduces noise and increases consistency in the analysis.

3Tn order to circumvent estimations that are driven by the imputation procedure, the analysis provides
results including only the uncensored part of the wage distribution represented by the inter-percentile
ranges up to the 85th percentile.

4We consider only industrial robots in the analysis. Data on service robots is also available since 2002.
However, the data is not available at the industry level during the considered time period.
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secondary data sources. The primary source are yearly surveys of worldwide industrial
robot suppliers that report their stock of industrial robots to the IFR. Additionally, the
IFR uses secondary data collected by national robot associations to validate the survey
data. Before 2004, the data on German industrial robots rely solely on collected data by
national robot associations.

The industry classifications in the IFR data are very coarse and differ between the
manufacturing and non-manufacturing sector, which is one of the main disadvantages of
the data. Away from the manufacturing sector, industries are aggregated to very broad
groups, while among the manufacturing sector the data are more disaggregated. Thus,
our analysis focuses on the manufacturing sector in Germany due to better data availabil-
ity and the predominant role of automation in this sector. Industrial robot data reported
by the IFR is mainly based on the International Standard Industrial Classification of
All Economic Activities (ISIC) Rev. 4.° In total, we focus on 8 different manufacturing
sectors: 10-12 food products, beverages and tobacco products, 13-15 textiles, wearing ap-
parel, leather and related products, 16-18 wood (including furniture) and paper products,
printing and reproduction of recorded media, 19-23 coke and refined petroleum products,
chemical products, pharmaceutical products, rubber and plastics products, and other
non-metallic mineral products, 24-25 basic metals and fabricated metal products, 26-27
computer, electronic and optical products, electrical equipment, 28 industrial machinery
and equipment n.e.c., 29-30 automotive and other vehicles.® The IFR data can be matched

with the LIAB data without any crosswalk, for further information see Appendix 2.A.

Automation risk data. We use an occupation- and requirement-specific score of au-
tomation risk. In contrast to the commonly used measure provided by Frey and Osborne
(2017), we relate to specific estimations for occupations in Germany based on the task-
based approach by Dengler and Matthes (2015). The resulting advantages are presented
in Appendix 2.A. Dengler et al. (2014) calculate the task composition for different occu-

SWithin the manufacturing sector there is one exception at the 2-digit level. The IFR classification
uses the 2-digit code 16-wood and furniture. This industry contains the ISIC Rev. 4 code 16 and 31.

6As Dauth et al. (2021) and Graetz and Michaels (2018), we exclude All other manufacturing branches,
since it covers only 6.8% of the robot stock in the manufacturing sector in 1996 and the share declines
to 1.7% in 2017.

24



CHAPTER 2. AUTOMATION, ROBOTS AND WAGE INEQUALITY IN
GERMANY: A DECOMPOSITION ANALYSIS

pations, based on BERUFENET Expert Database of the German Federal Employment
Agency. The data set contains information of around 3,900 single occupations, such as
the tasks to be performed in the respective occupation, the equipment or the working
conditions. The so called requirement matrices classify 8,000 different requirements to
each single occupation. Dengler et al. (2014) assign to each requirement one task type
(analytical non-routine tasks, interactive non-routine tasks, cognitive routine tasks, man-
ual routine tasks and manual non-routine tasks). The central criterion whether the task
is routine or non-routine is the substitutability of computers or computer-controlled ma-
chines, based on the available technology in 2013.7

On the basis of this data, Dengler and Matthes (2015) estimate the share of routine
tasks to non-routine tasks for each single occupation, by dividing the core requirements,
that are essential for the occupation, in each single occupation that have been assigned
to a routine task by the total number of core requirements in the respective single oc-
cupation.® Next, they aggregate the shares of routine tasks for each single occupation
into different occupation aggregates, using weights based on employment numbers from
2012. The weights ensure that single occupations with high employment are taken more
into consideration, when determining the substitution potential at the aggregated occupa-
tional level. The share of routine activities is used to determine the substitution potential
of the occupation.

The data is available in the 2-digit Classification of Occupations 2010 (Klassifizierung
der Berufe 2010, KIdB 2010). In addition, they distinguish for each 2-digit KldB 2010
code four different requirement levels.” In total, they estimate substitution potentials
for 131 occupation-requirement level combinations. The LIAB data contains occupation

codes and requirement levels in the KIdB 2010 classification.’® Therefore, merging both

"There are already updated versions of the automation probabilities based on the available technology
in 2016, see Dengler and Matthes (2018), and 2019, see Dengler and Matthes (2021). Due to the fact that
the considered time period in our analysis begins in 1996, we use the automation probabilities calculated
on the basis of the available technology in 2013.

8For example, if one single occupation contains three different core requirements, and one requirement
is assigned to a routine task, then the share would be 1/3.

9The requirement levels correspond to the 5th digit KIldB 2010 classification: 1-unskilled activities,
2-specialist activities, 3-complex activities, 4-highly complex activities.

10The occupational information before 2011 was reported using the occupation code K1dB 1988. This
older classification is less detailed than the occupation code KldB 2010, which leads to inaccuracies.
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data sets is possible without any crosswalk.

2.3 Empirical Approach

2.3.1 Method

Oaxaca-Blinder decomposition. The standard Oaxaca-Blinder (OB) decomposition
divides the overall mean wage gap, A’é, between two defined groups, in our case two points
in time (¢t = 0,1) (Firpo et al., 2018; Oaxaca, 1973). Assuming a linear wage equation,

where w; denotes the log wage and X is a vector of covariates, the following holds true:

Afy = X1(p1 = Bo) + (X1 — Xo) o (2.1)

The first part of equation (2.1) denotes the wage structure effect, A" which is the re-
sult of holding the distribution of covariates constant and only modifying the conditional
wage structure.!! Thus, in other words this effect represents the differences in the esti-
mated coefficients between the two groups and shows the way the specific characteristics
are valued in the labour market. The second part is the composition effect, Ai, where
the conditional wage structure is held constant and the distribution of covariates varies
according to the observed changes between the two points in time (Fortin et al., 2011).
In other words, this effect presents the differences in the distribution of the explanatory

factors between the two points in time.

RIF-regressions approach. The recentered influence function (RIF) regressions ap-
proach allows to quantify the impact of each covariate, conditional on all other factors,
on the change in wage inequality measures, such as percentile wage gaps, the variance
or the Gini coefficient (Firpo et al., 2018). Thus, the dependent variable, w, is replaced

by the recentered influence function of the statistic of interest. The influence function,

1 Using categorical variables in a detailed decomposition, the estimated wage structure effect depends
on the defined base group. Therefore, the effect of changes in the returns have to be interpreted based
on this omitted group (Fortin et al., 2011).
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I F(w;v), of an observed wage w for the distributional statistic v(F,), that is dependent
on the wage distribution F,, shows the influence of each observation on this distributional
statistic. The conditional expectation of the RIF(w;v) can be estimated using a linear
function of the explanatory variables, i.e. F[RIF(w;v)|X] = X+, where the parameters
~ can be estimated by OLS (Fortin et al., 2011).

When it comes to quantiles, the estimated coefficients are interpreted as unconditional
(quantile) partial effects (UQPE) of small location shifts in the covariates (Firpo et al.,
2009). Using the RIF-regressions approach it is possible to identify the effect of a changing
explanatory variable on the 7th quantile of the unconditional distribution of w. This
procedure is different to the commonly used conditional quantile regressions.

With the estimated coefficients of the unconditional quantile regressions, 4, ,, for each

group of t = 0,1 the OB decomposition can be written as:

AL = Xi(hir — o) + (X1 — Xo)o.r (2.2)

= AL + A%,

where AB defines the wage gap at the 7th unconditional quantile. The first term of
equation (2.2) corresponds to the wage structure effect that is obtained by holding the
distribution of the covariates constant and only modifying the conditional wage structure
represented by the RIF coefficients. The second term represents the composition effect,
which is the result of holding the conditional wage structure constant and changing the
distribution of the covariates according to the observed change between the points in time
t =0 and t = 1. The detailed decomposition can be computed similarly as in the case of
the mean (Fortin et al., 2011).

However, as in the standard OB decomposition it could be the case that the linearity
assumption does not hold.'? Therefore, the two step procedure proposed by Firpo et al.
(2018) is used in order to avoid this problem. In a first step, a counterfactual sample,
which is defined by point in time ¢ = 01, is estimated applying the reweighting function
introduced by DiNardo et al. (1996). Using the reweighting function, the hypothetical

12As discussed by Barsky et al. (2002), if the linearity assumption does not hold, the estimated coun-
terfactual mean wage would not be equal to X13 in the case of the standard OB decomposition.
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sample makes the characteristics of point in time ¢ = 0 similar to those of point in time
t = 1. In a second step, two OB decompositions are specified by using the three different
samples.

The first OB decomposition uses the sample ¢ = 0 and the counterfactual sample

t = 01 to estimate the reweighted composition effect, ATX R, as follows:

ATX,R = (Xo1 — X0)%0,+ + Xo1(Fo1,- — Jo,r) (2.3)

where the first part of the right-hand side of equation (2.3) corresponds to the pure
composition effect, while the second part represents the specification error.
The wage structure effect is estimated in a similar way using the sample ¢ = 1 and

the counterfactual sample ¢ = 01:

A

AE,R - Xl ﬁ’LT - 701,7) + (Xl - Xm)%l,f (2.4)

e .
= Ag, + A%,

where the first term of the right-hand side of equation (2.4) defines the pure wage structure
effect and the second part denotes the reweighting error. Since the counterfactual sample
t = 01 is used to imitate the sample of point in time ¢ = 1, in large samples it should be
plim(Xo) = plim(X).

The description of the RIF-regressions based OB decomposition is limited to spe-
cific percentiles of the wage distribution. In order to estimate effects on percentile wage
gaps, the difference between the respective estimated coefficients of the corresponding per-
centiles has to be computed. Regarding other distributional statistics, like the variance or
the Gini coefficient, the RIF-regressions have to be adjusted accordingly (see Firpo et al.,
2018).

The following analysis is based on different inequality measures. Depending on which
index is used, a specific part of the wage distribution is taken into focus. The commonly
used Gini coefficient is one of the standard indices and measures inequality considering

the whole wage distribution. However, it has to be taken into account that the Gini
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index is more sensitive to changes in the middle of wage distribution and less sensitive to
changes at the top and the bottom of wage distribution (Atkinson, 1970). That is why we
use in addition percentile wage gaps not only between the highest and the lowest wages
(85th-15th wage gap) but also in relation to the median wages (50th-15th and 85th-50th
wage gaps). Thus, it is also possible to observe changes separately for the lower and upper
half of the wage distribution. Further results of the variance are presented in order to
have comparative values for estimates of the whole distribution.

The fact that the method uses simple regressions that are easy to interpret provides a
straightforward way of a detailed decomposition. Compared to the sequential decompo-
sition introduced by DiNardo et al. (1996) (DFL-method), the RIF-regressions based de-
tailed decomposition does not suffer from path dependence. However, the RIF-regressions
assume the invariance of the conditional distribution and therefore does not take gen-
eral equilibrium effects into account (Fortin et al., 2011). Moreover, this decomposition
method ascribes the change in wage inequality completely to the considered covariates.
Thus, the sum of all composition effects and wage structure effects defines the overall

change in wage inequality over time.

2.3.2 Model Specification

The decomposition analyses consider a wide range of covariates that are determinants to
changes in the wage distribution. Besides the commonly used personal and plant char-
acteristics, we propose a measure of automation threat that is described in more detail

below. The personal characteristics include the individual’s age (five categories)!?; ed-

ucation (three categories)!; tenure (five categories)'®; and a dummy variable capturing

German or foreign citizenship. Furthermore, we consider the following two plant char-

acteristics: plant size (six categories)'%; and the bargaining regime (three categories)!’.

13(1) 18-25 years; (2) 26-35 years; (3) 36-45 years; (4) 46-55 years; (5) 56-65 years.

14(1) Low: lower/middle secondary without vocational training; (2) Medium: lower/middle secondary
with vocational training or upper secondary with or without vocational training; (3) High: university of
applied sciences or traditional university.

15(1) 0-2 years; (2) 2-4 years; (3) 4-8 years; (4) 8-16 years; (5) >16 years.

16(1) 1-9 employees; (2) 10-49 employees; (3) 50-199 employees; (4) 200-999 employees; (5) 1000-4999
employees; (6) >5000 employees.

17(1) Sector-level agreement; (2) Firm-level agreement; (3) No collective bargaining agreement.
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In addition, we control for fixed effects of 8 different manufacturing sectors and include
federal state dummies to capture regional shifts.!8

The main factor of interest is our new introduced measure of automation threat, which
captures two dimensions of automation. On the one hand, we take the various evolution
of the sectoral robot density into account, which is often used as an approximation of
automation exposure. On the other hand, we consider the different automation risk of
workers due to the task content of their occupation. Therefore, we merge data on the
substitution potential of an occupation provided by Dengler and Matthes (2015), which
we interpret as a proxy variable for the automation probability of an occupation, with
the IFR robot data. This procedure combines the occupational information about the
automation probability with the time varying sectoral information about the number of

robots per 1,000 workers:?

Robotsg

, 2.5
€MPs, 1995 ( )

automation threat; s, = 0; *

where 0; is the automation probability of occupation j, Robots,, is the stock of operational
robots in sector s in year ¢ and emp; 1995 is the number of employees in thousands in
the corresponding sector s in the base year 1995.2° Thus, each individual working in
occupation j and sector s is confronted with the corresponding automation probability of
its occupation and a specific sectoral robot density of a given year t.

For our decomposition analysis we have to define three groups of different automation

18The base category is a medium-skilled worker between 26 and 35 years, with 0-2 years of tenure,
with German citizenship and is exposed to low automation threat. Further, the worker is employed in
an establishment with 200-999 employees, which has no collective bargaining agreement, belongs to the
basic metals and fabricated metal products sector and is located in North Rhine-Westphalia.

Tn a familiar way, this approach is used in Anelli et al. (2019) to capture the individual exposure
to automation. In a first step, a multinomial logit model is estimated using all available covariates to
predict the probability of an individual being in a certain occupation. This probability is multiplied with
the corresponding automation probability in that occupation to obtain an individual vulnerability to
automation. In a last step, the individual vulnerability is multiplied with the national percentage change
in total operational robots in a country. Due to the characteristics of our estimation strategy it is not
possible to implement this kind of automation threat variable.

20The data on sectoral employment in 1995 is provided by EU KLEMS database, see Stehrer et al.
(2019).
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threat in order to ensure the common support assumption.?! In a first step we have a look
at the total number of all combinations of the occupation specific automation probabilities
with the sector specific robot densities in a specific year sorted by size. Then we define
cut-off points in a way that the number of combinations in a specific year is divided into
three groups.?? As a consequence, we are able to assign every individual to either low,
middle or high automation threat. This procedure is done separately for each year.

The estimation strategy of this variable is reasoned by the following considerations.
First of all, since the automation probabilities are time constant, adding yearly informa-
tion about the stock of robots in a given sector adds a time dimension to our proposed
automation variable. Due to this, the significant increase in the use of robots is rep-
resented and considered in our subsequent analysis. Second, the sector specific robot
densities influence the relative degree of automation threat, since there are substantial
differences between economic sectors. In other words, the automation probability of an
occupation exhibits a different importance depending on the specific sector.

The necessity of the combination between automation probabilities and sector specific
robots densities is shown in Table 2.B.1 in Appendix 2.B. Here the distribution of the
different economic sectors within the three groups of automation threat is compared to
the shares of economic sectors within the groups based on the automation probabilities by
Dengler and Matthes (2015).2 The first thing that becomes apparent is the fact that in
the medium and especially in the high automation threat group not all economic sectors
are represented. Looking at the robot densities reveals that the missing sectors (textiles

and wood, furniture and paper) indeed exhibit the lowest values. The low robot density

21The common support assumption is one of the main conditions proposed by Fortin et al. (2011) that
ensures a successful estimation of the decomposition. This assumption imposes the condition of common
support on the covariates and makes sure that no observation can serve to identify the assignment into
one specific group (Fortin et al., 2011). Due to this condition it is not possible to use a continuous
variable measuring automation threat. The considerable increase over time would lead to exclusively
present values in points in time ¢ = 0 and ¢ = 1, which contradicts this assumption.

22For example, if there are in total 300 possible occupation-sector combinations in one year, the first
group includes the lowest 100 combinations, the second group the 100 combinations in the middle and
the third group the 100 highest combinations. There are two cut-off points, namely the values of the
100th and the 200th combination. Of course, the values of these cut-off points increase over time as the
values of the automation threat variable increases as well.

23The group of low automation risk is given if a maximum of 30% of the occupation could be performed
by computers. The medium automation risk captures those occupations, which are substitutable by
automation between 30% and a maximum of 70% and high automation risk exists if more than 70% of
the occupation could be performed by computers.
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weights the automation probability down, which leads to the result that no employee
within this sector is faced with a high (or even medium) automation threat. Another
striking feature is the relatively low share in the low and medium automation threat
group within the automotive sector. This is due to the fact that the automotive sector
is faced with a very high robot density which leads to an upweight of the automation
probabilities. This takes into account that working in a sector with higher robot density
is associated with a higher automation threat than working in a sector with lower robot
density, regardless of the occupation. These findings validate the combination of automa-
tion probabilities of occupations and sector specific robot densities. Further descriptive

information about our proposed variable is presented in the following.

2.4 Descriptive Evidence

Developments in wage inequality. The development of wage inequality in the German
manufacturing sector defined by the difference between the 85th and 15th percentiles of
log real daily wages for men working full-time is displayed in Panel (a) of Figure 2.1.
Starting with a short period of moderate increase in wage inequality, a significant rise
in the wage gap is observable between 2001 and 2008. In the subsequent years, wage
inequality shows an alternating behaviour but is not subjected to major increases as
before. A similar pattern is observable by having a look at the development of the Gini
coefficient, which measures the normalised average absolute difference between all wage
pairs in the workforce. As a result of these observations, we divide our overall period of
observation into two subperiods, 1996 to 2010 in which wage inequality is overall increasing
and 2012 to 2017 in which wage inequality more or less stagnates.?*

Since the 85-15 percentile wage gap only takes the top and bottom percentiles into
account, developments in the middle of the distribution are omitted. Therefore, the wage

gaps between the 50th and 15th percentiles as well as between the 85th and 50th per-

Z4Baumgarten et al. (2020) consider similar time periods: 1996 to 2010 and 2010 to 2014. Due to a
change in the reporting procedure of the social security agency, a considerable increase in the number
of missing values occurs in the year 2011. In order to circumvent this possible source of misleading
estimation results, we define 2012 as our starting point of the second period of observation. For more
information see Schmidtlein et al. (2019).
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Figure 2.1: The evolution of the 85-15, 50-15 and 85-50 percentile wage gaps between
1996 and 2017
Source: LIAB QM2 9317, own calculations.

Note: The figure presents the evolution of the 85-15, 50-15 and 85-50 percentile wage gaps between 1996 and 2017 for men
working full-time in the manufacturing sector in Germany. The results are based on imputed real daily wages. Sampling
weights are employed.

centiles are presented to account on the one hand for developments at the lower half and
on the other hand for developments at the upper half of the wage distribution. The results
presented in Panel (b) of Figure 2.1 suggest that in the manufacturing sector a significant
increase in inequality at the lower part of the wage distribution is observable. This devel-
opment is seen throughout the whole period of observation. Regarding the findings of the
wage gap in the upper half of the distribution a different pattern is identified. Panel (c) of

Figure 2.1 shows a noticeable increase between 2000 and 2008. However, in the following

years inequality at the upper part of the wage distribution decreased significantly and
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ends up in 2017 almost at the same level as in 1996. These trends result in the consistent
increase of the overall wage inequality until 2008. Thereafter, the observed developments
in wage inequality at the lower and upper parts of the wage distribution balance each

other out.

The rise of automation. At the same time, automation technology accelerated since
the 1990s. This increase is also captured by our automation threat variable, despite
sectoral differences. Figure 2.C.1 in Appendix 2.C illustrates the estimated automation
threat variable in equation (2.5) summarised over all occupations in each manufactur-
ing sector in Germany from 1996 to 2017. While most sectors experienced an increase
in automation threat, the wood, furniture and paper sector and the textiles sector have
seen a slight decrease in automation threat. It is striking that the automotive and other
vehicles sector was faced with an extraordinary increase compared to the other sectors.
Automation threat in the automotive and other vehicles sector was eight times higher in
1996 compared to the average of automation threat in the other manufacturing sectors.

In 2017 automation threat was even almost twelve times higher than in the other sectors.

Descriptive statistics of explanatory variables. Since one important part of the
OB decomposition are changes in the composition of workers, we present in Table 2.1
the descriptive statistics of our considered explanatory variables for the years 1996, 2010,
2012 and 2017. The first column of each year gives the mean of the respective variable,
whereas in the second column the corresponding standard deviation is listed. Looking
at the first row, a clear trend towards higher real daily wages becomes apparent, where
between 1996 and 2010 an increase by 9% and between 2012 and 2017 an increase by
7% is observed. The demographic factors regarding age and education reflect the often
described trend in the literature towards an older and more educated workforce. The
share of highly skilled workers increased in our sample from 9% in 1996 to more than 15%
in 2017, whereas at the same time the low skilled group is halved, from 12% to 6%. In
addition, workers tend to have a higher tenure. The group of workers with more than 16

years of employment increased by more than 16 percentage points over the whole period
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of observation, whereas all other groups decreased in size over time. Workers are denoted
as foreigners or natives based on their nationality. During the observed time span the
amount of workers with a foreign nationality decreased, which is presumably the result

of a change in the German nationality law.

Table 2.1: Descriptive statistics

1996 2010 2012 2017
Mean  Std. Dev. Mean  Std. Dev. Mean Std. Dev. Mean  Std. Dev.

Real daily wage 12642 (51.31) 13752 (69.71)  137.19  (67.78)  147.33  (70.32)
Age: 18-25 years 7.39 (26.17) 5.73 (23.25) 6.65 (24.92) 5.84 (23.45)
Age: 26-35 years 3210 (46.71) 1804  (38.45) 1877  (39.05) 2017  (40.13)
Age: 36-45 years 2862 (45.19)  30.87  (46.19) 2658  (44.18) 2249  (41.75)
Age: 46-55 years 2220 (41.62) 3388  (47.33) 3404  (47.38)  33.68  (47.26)
Age: > 56 years 951 (20.33) 1148  (31.87)  13.96  (34.65)  17.81  (38.26)
Education: low 12.21 (32.73) 8.65 (28.10) 7.22 (25.89) 6.03 (23.80)
Education: middle 78.55 (41.04) 77.64 (41.66) 78.25 (41.25) 78.49 (41.09)
Education: high 9.23  (28.96) 1371  (34.39) 1453  (35.24) 1548  (36.17)
Tenure: 0-2 years 5.11 (22.02) 2.45 (15.47) 3.24 (17.70) 2.61 (15.95)
Tenure: 2-4 years 533 (2246) 338 (18.06) 378 (19.07) 395  (19.48)
Tenure: 4-8 years 16.94 (37.50) 9.03 (28.65) 9.48 (29.29) 9.35 (29.10)
Tenure: 8-16 years 9532 (43.48) 2215  (41.52) 2118 (40.86) 2010  (40.07)
Tenure: > 16 years 4730 (49.93) 6299  (48.28)  62.32  (4845)  63.99  (48.00)
Nationality 1132 (31.69) 874  (2791) 925  (28.97) 892  (28.50)
Automation threat: low 11.14 (31.46) 7.73 (26.70) 10.93 (31.21) 12.76 (33.36)
Automation threat: middle 17.26 (37.79) 25.45 (43.56) 23.41 (42.34) 25.12 (43.37)
Automation threat: high 71.60 (45.09) 66.82 (47.08) 65.66 (47.48) 62.12 (48.51)
No collective agreement 7.75 (26.73) 28.36 (45.07) 31.07 46.28 29.25 (45.49)
Firm level agreement 9.91 (29.88) 13.38 (34.04) 11.80 (32.26) 12.83 (33.43)
Sector level agreement 82.34 (38.13) 58.25 (49.31) 57.13 (49.49) 57.92 (49.36)
Plant size: 1-9 employees 5.30 (22.41) 3.08 (17.27) 3.09 (17.29) 2.19 (14.64)
Plant size: 10-49 employees 1475 (3546) 1371 (3439)  13.60  (34.37) 1091  (3L.17)
Plant size: 50-199 employees 21.86 (41.33) 23.56 (42.44) 23.02 (42.09) 19.05 (39.27)
Plant size: 200-999 employees 3079 (46.16) 3167  (46.52) 3299  (47.01) 3508  (47.72)
Plant size: 1000-4999 employees 17.14 (37.68) 18.48 (38.82) 16.68 (37.28) 13.59 (34.27)
Plant size: > 5000 employees 10.16 (30.22) 9.50 (29.32) 10.53 (30.71) 19.17 (39.37)
Sector: Food and beverages 6.58 (24.79) 7.05 (25.59) 6.89 (25.33) 9.74 (29.64)
Sector: Textiles 2.93 (16.87) 1.33 (11.44) 1.30 (11.32) 0.76 (8.69)
Sector: Wood, furniture and paper 9.34 (2909) 8.38 (27.71) 7.36 (26.11) 7.01 (25.53)
Sector: Plastic and chemical products — 14.20 (34.91) 14.24 (34.95) 13.93 (34.62) 10.46 (30.61)
Sector: Metal products 21.02 (40.75) 22.38 (41.68) 23.77 (42.56) 18.87 (39.13)
Sector: Electrical products 10.49 (30.64) 14.15 (34.86) 12.06 (32.57) 10.76 (30.98)
Sector: Industrial machinery 20.66 (40.48) 16.46 (37.08) 19.41 (39.55) 19.40 (39.54)
Sector: Automotive and other vehicles — 14.77 (35.48) 16.01 (36.67) 15.28 (35.97) 23.00 (42.08)
Schleswig-Holstein 2.12 (14.39) 2.46 (15.48) 1.94 (13.78) 1.59 (12.51)
Hamburg 204  (1418) 337  (18.04) 371  (1890) 369  (18.85)
Lower Saxony 11.86  (32.33) 1031 (30.40) 1036  (30.47) 881  (28.34)
Bremen 1.18 (10.81) 0.52 (7.19) 1.01 (10.00) 0.74 (8.57)
North Rhine-Westphalia 30.20  (45.95)  27.83  (44.82)  27.93  (44.87) 2287  (42.00)
Hesse 885  (28.39)  6.66  (24.93)  7.80  (2681)  7.95 27.06
Rhineland-Palatinate 5.13 (22.05) 5.86 (23.49) 5.51 (22.81) 5.98 (23.71)
Baden-Wuerttemberg 1869 (38.98)  20.88  (40.64) 1952  (39.63)  17.46  (37.96)
Bavaria 1804  (3844) 2038 (4028) 2125  (40.91)  30.07  (45.85)
Saarland 180 (1328) 173 (13.05) 097  (9.82)  0.83  (9.09)
Observations 576,895 389, 624 437,336 320,970

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the descriptive statistics for four time points, standard deviations are given in parentheses. All
variables, except the real wage, are reported in percent. Sampling weights are employed.
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Regarding plant characteristics, one striking development is presented when it comes
to collective bargaining coverage. Between 1996 and 2017 the group of workers that is
not covered by any sort of collective bargaining agreement increased from 8% to 29%,
whereas the group with sector level agreements decreased from 82% to 58%. The fraction
of workers with firm level agreements slightly increased. Regarding the size of the plants,
a tendency away from smaller firms with less than 200 employees becomes apparent. In
total, the share of the group with more than 5,000 employees increased by 9 percentage
points. Looking at compositional changes of the sectors and changes in employment shares
of the different federal states no major differences over the years appear.

When it comes to our proposed automation threat variable, there is an observable trend
towards the medium group of automation between 1996 and 2010. At the same time, this
observation is accompanied with a reduction by nearly 5 percentage points in the highest
automation group and a decrease in the group with the lowest automation threat by more
than 3 percentage points. From this one could conclude two movements. On the one
hand, it seems that workers are displaced by automation in the groups of high automation
threat. On the other hand, it becomes more and more impossible to resist automation in
work life, which leads to a decrease in the share of the lowest automation threat group.
In the second time period the share of workers which are faced with high automation
threat decreased further, although at a smaller amount and the middle automation threat
group is still increasing. In contrast to the first period, the share of workers in the lowest
automation threat group slightly increased between 2012 and 2017.

To get a first impression about the relation between automation threat and changes
in wage inequality, we provide descriptive evidence of differences in within-group wage
inequality. In Figure 2.2 the estimated Gini coefficients for the respective groups of
automation threat for the whole period of observation are illustrated. In all three groups
the significant increase of wage inequality between 1996 and 2008 and the stagnation
thereafter becomes apparent. However, there is a substantial difference in the level of
wage inequality between the high automation threat group and the groups with middle
and low automation threat. The lowest wage inequality is found in the highest group

of automation threat. Table 2.B.2 in Appendix 2.B reveals that the average real daily
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wages of the high automation threat group are predominantly lower than those from the
medium or lowest automation threat groups, however the distribution of wages within

this group is the most equal.

T T T T
2000 2005 2010 2015
Year

Gini - Low automation =~ ——-—-—- Gini - Middle automation
----------- Gini — High automation

Figure 2.2: Gini coefficients of different automation threat groups, 1996-2017

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Note: The figure presents the evolution of the group-specific Gini coefficient estimations between 1996 and 2017. We
distinguish between low, medium and high automation threat. Sampling weights are employed.

In order to figure out the reasons behind these results, we have a closer look at the
educational and occupational structures within these three groups. Table 2.B.2 in Ap-
pendix 2.B shows that the highest automation threat group exhibits a mainly similar level
of education with more than 80% in the medium group throughout the entire period of
observation. Thus, the two remaining educational groups play only a minor role in this
case. A different picture emerges when it comes to the medium and lowest groups of au-
tomation threat. Although the medium educational level still makes up the largest group
in both cases, especially the highest educational level plays a more important role and
therefore leads to a more diverse structure. When it comes to the requirement levels a
similar picture emerges. A significant clustering of workers in the second requirement level
of specialist activities in the highest group of automation threat is revealed. Other levels
are much less present. Again the low and medium group of automation threat exhibit a
more varied distribution of requirement levels and no extreme outstanding grouping as

seen before occurs. As a result of these observations, we conclude that the more equal
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distribution of wages in the highest group of automation threat stems from the mainly

identical levels of education and occupations with similar levels of requirements.

2.5 Decomposition Analysis and Discussion

The goal of this section is to identify the major factors associated with changes in wage
inequality and their specific contribution in the two defined time periods (1996-2010 and
2012-2017). Owur primary focus lies in quantifying the importance of automation and

robotization on changes in the wage distribution using our measure of automation threat.

2.5.1 1996-2010

Counterfactual analysis. Since we are mainly interested in the contribution of automa-
tion on changes in wage inequality, we first provide results of a ceteris paribus analysis.
Multinomial logit estimations are used in order to derive counterfactual weights by which
a counterfactual wage distribution is estimated. This distribution reflects the case where
the distribution of all covariates is as in point in time 1 except for the distribution of the
automation threat groups, which is shifted to that of point in time 0. This procedure is
different to that proposed by DiNardo et al. (1996), where a counterfactual distribution is
estimated shifting all available covariates. Thus, the conducted analysis makes it possible
to show graphically the effect of a compositional change of one specific covariate. The
multinomial logit model that estimates the possibility of belonging to one of the three
possible types of automation threat is estimated accounting for all remaining covariates
we used in the decomposition (for further information see Appendix 2.A).

Figure 2.3 illustrates the actual wage distributions of 1996 and 2010 using kernel
density estimations of the log wage distributions of the respective years. In 2010 a lower
peak and fatter tails compared to the one in 1996 are observed. Moreover, the widening
of the wage distribution is not symmetric, since more mass is shifted to the upper half
of the wage distribution. In addition, the counterfactual wage distribution of 2010 with
the composition of the automation threat groups shifted back to 1996 is shown. We
observe that the counterfactual distribution approaches the density in 1996. A higher

38



CHAPTER 2. AUTOMATION, ROBOTS AND WAGE INEQUALITY IN
GERMANY: A DECOMPOSITION ANALYSIS

peak and a narrower tail at the upper half of the distribution suggest an impact that
contributes to a reduction in wage inequality if the composition of the automation threat
groups would have been the same in 2010 as in 1996. The actual observed change in
the wage distribution between 1996 and 2010 is compared to the difference between the
counterfactual and the actual wage distribution in 2010 in Figure 2.C.2 in Appendix 2.C.

15

Log imputed daily wage

1996 ——— 2010
...... 2010 (counterfactual)

Figure 2.3: Actual and counterfactual wage distributions, 1996-2010

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Note: The figure presents the actual wage distributions in 1996 and 2010 as well as the counterfactual wage distribution
that would have prevailed if automation and robotization had remained at the level of 1996. Counterfactual weights are
estimated using multinomial logit estimations, see Appendix 2.A. Sampling weights are employed.

The analysis shows that the observed trend in automation threat contributes to the
shift in the upper half of the wage distribution. However, since the counterfactual differ-
ence stays close to zero up to the middle of the distribution, a smaller contribution on
lower wages is assumed. In Figure 2.C.3 we re-estimate the 85-15 percentile wage gap and
the Gini coefficient using our counterfactual weights. Indeed, we are able to show that
compositional changes in the automation threat groups have played an important role
in the rise in wage inequality between 1996 and 2010 since the counterfactual estimates
are at all times below the actual outcomes. Further, Figure 2.C.4 confirms the different
impact along the wage distribution. Whereas the counterfactual line stays close to the
actual line at the lower half of the distribution, a substantial gap between the two lines
is shown for the upper half revealing a higher impact of automation to increasing wage

inequality at this part of the wage distribution.
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Decomposition results. We now turn to the results of the RIF-regressions based OB
decomposition for the period 1996 and 2010 for men working full-time in the manufac-
turing sector in West Germany. Figure 2.4 presents graphically the estimated results of
different percentile wage gaps for the composition effect, see Panel (a), and the wage

2> First of all, we turn to the decomposition results of

structure effect, see Panel (b)
the wage gap between the 85th and the 15th percentile, which increased by 10.67 log
points between 1996 and 2010. The aggregate composition effect mainly contributes to
the increase in the wage gap, while the aggregate wage structure effect is not statistically
different from zero. The estimated specification error is statistically insignificant and the
reweighting error is sufficiently small.26

Among the composition effects, depicted in Panel (a) of Figure 2.4, the ones associ-
ated with educational levels (5.56 log points) and the age structure of workers (3.85 log
points) have played the most important role, which correspond to a relative importance
of 41%2" and 29% of the composition effect, respectively. These findings are supported by
the observed shift towards older and higher educated workers in the underlying data. The
contribution of the automation-related composition effect has played a slightly smaller,
but non-negligible role and amounts to 1.33 log points, which corresponds to a relative
importance of roughly 10% of the composition effect. As shown in the descriptive analysis,
there is an observable trend towards occupations with medium automation threat, accom-
panied by decreasing shares of occupations with high and low automation threat between
1996 and 2010. Due to the fact that within-group wage inequality is the lowest in the
group with the highest automation threat, those compositional changes contribute to an

increase in wage inequality. Less pronounced but still significant effects that contribute to

25Comprehensive tables of the decomposition results, which also include specification and reweighting
errors, can be found in Table 2.B.4 and Table 2.B.5 in Appendix 2.B.

26In order to show that the main results are not affected by the definition of the used percentiles,
the 90th-10th wage gap is estimated as a robustness check. The relative importance of the different
explanatory variables in the detailed decomposition analysis does not shift as well as the signs and
statistical significance.

2TWe interpret the specific estimated effect of a covariate as follows: in the observed case we have
5.56/13.42=0.41, where 13.42 is the sum of all detailed composition effects in absolute terms. Thus, we
are able to provide percentages that show the respective relative importance in comparison to all other
factors and which sum up to 100%.
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Figure 2.4: Decomposition results of the composition and wage structure effect by per-
centile wage gaps, 1996-2010

Source: LTAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Note: The figure presents the results of the RIF-regressions based OB decomposition approach for the composition and
wage structure effect based on log daily wages. The sample is restricted to male full-time workers in the manufacturing
sector between 18 and 65 years, who earned more than 10 euros per day and work in West Germany. All coefficients above
are multiplied by 100 for convenience. *** ** and * indicate statistical significance at the 1, 5, and 10 percent level,
respectively. Sampling weights are employed.

wage dispersion are changes in the composition of the sector variable and the nationality
variable. A factor that has played a small but highly significant role dampening the effect

on wage inequality is provided by changes in the composition of the firm size.
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When we consider the detailed results of the wage structure effects, presented in Panel
(b) of Figure 2.4, very different implications become evident. The interpretation of the
wage structure effects of the respective factors depends on the choice of the base category.
Due to this, the specific contribution of one covariate to a change in the wage structure
has to be interpreted relative to its base category. Moreover, the wage structure effects
capture both the between group and the within group inequality component. In other
words, on the one hand direct changes in the return for individual factors are considered
and on the other hand changes in the residual wage inequality within the observed group
relative to the base group are observed. Thus, the constant of the wage structure effect
can be interpreted as the change in residual wage inequality of the base category.

The most important factors that are associated with an increase in the 85-15 percentile
wage gap are automation threat (5.43 log points), sector differences (5.07 log points) and
the age structure (5.03 log points). The positive automation-related wage structure effect
could be the result of changes in relative wage returns between workers in occupations
with high and low automation threat, as predicted by RBTC. This would suggest an
increase in the relative wage of non-routine tasks that are typically at low risk of automa-
tion compared to routine tasks that are usually faced with higher risk of automation. In
this case, a change in between group wage inequality would be observed. Among the re-
maining wage structure effects, education profiles of workers and the firm size have played
small but non-negligible roles. However, all effects that contribute to wage inequality are
compensated by negative effects especially related to tenure and collective bargaining.

In order to show an appropriate comparison with the results of the 85-15 percentile
wage gap, the decomposition results of the Gini coefficient are presented in the second
column of Table 2.B.4 in Appendix 2.B. In contrast to the previous estimates, the total
increase of the Gini coefficient can be divided in equal parts into the composition effect
and the wage structure effect.

Among the composition effects, the same covariates like educational levels (1.64) and
age (0.7) exhibit the largest statistically significant effects that are associated with an
increase in wage inequality. A less pronounced but non-negligible role played collective

bargaining (0.37) and automation threat (0.17), which contribute by around 11% and 5%
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to the composition effect, respectively. Using the Gini coefficient makes it easier to explain
the movements behind the contribution of automation threat on wage inequality in the
following. The automation-related positive composition effect stems from the observable
trend towards occupations with medium automation threat, accompanied by decreasing
shares of occupations with high and low automation threat. Due to the fact that within-
group wage inequality is the highest in the lowest automation threat group, the estimated
RIF coefficients on the middle and high automation threat groups are mainly negative,
see Table 2.B.11.% Since the composition effect is defined as the change in the share of
employment of the respective groups times the coefficient of the RIF-regression in 1996,
it can be shown why compositional changes regarding the automation threat variable are
associated with increasing wage inequality. In other words, in this case the composition
effect consists of two negative components, which build together a positive effect that con-
tributes to wage dispersion. As a result, we provide evidence that structural shifts in the
workforce composition between occupations with different automation threat contributes
to increasing wage inequality. Similar to the 85-15 percentile wage gap, changes in the
composition of the firm size has played a small but non-negligible role to dampen wage
inequality.

Looking at the wage structure effect, the same covariates like automation threat, age,
education, sector and the firm size contribute the rise in wage inequality, where automation
threat is the major factor, which amounts to 2.55 log points. Again, a closer look at the
results of the RIF-regressions explains this result, see Table 2.B.11. As already seen, in
1996 both coefficients of the middle and high automation threat group are negative. This
suggests that an increase in the share of the highest automation threat group is associated
with a decrease in the estimated Gini coefficient, since this group exhibits a lower within-
group wage inequality than the base group of low automation risk. Moreover, regarding
the wage structure effect it is important to observe how the coefficients change over time.
We see that between 1996 and 2010, the RIF-regressions estimates for the medium and
high automation risk group either decrease in absolute terms or even get positive. This

means that in 1996 the contribution of the two groups on dampening wage inequality was

28 All RIF-regressions estimation results of the applied inequality measures and percentiles are presented
in Table 2.B.8 - 2.B.12 in Appendix 2.B.
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more pronounced than in 2010, keeping everything else equal. Looking at the equation
for the wage structure effect it can be seen that the change in the coefficients becomes
positive and is multiplied by the positive employment share of 2010. As a result of this
condition, a positive automation-related wage structure effect is estimated.

Among the remaining wage structure effects, the same covariates such as tenure and
collective bargaining are associated with a reduction in wage inequality. Other inequality
decreasing wage structure effects are either weakly or not statistically significant. In
summary, the main results of the two presented inequality measures concerning the whole
wage distribution are comparable for most parts. Further, we provide decomposition
results of the variance in Table 2.B.13 in Appendix 2.B. Again, the automation-related
composition effect has played a small but non-negligible role in rising wage inequality,
which amounts to 0.17 log points and corresponds to a relative importance of 4% of the
composition effect. The wage structure effect associated with automation threat is the
major factor that contributes to wage inequality, amounting to 3.82 log points.

We now turn to the decomposition results of the two inequality measures considering
either the lower part or the upper part of the wage distribution. The wage gap between
the 50th and 15th percentile increased by 7.11 log points, whereas the 85-50 percentile
wage gap increased only by 3.56 log points, see Table 2.B.5 in Appendix 2.B. The sum of
both increases is again the whole increase of the 85-15 percentile wage gap. Looking at the
aggregate composition and wage structure effects we observe different results. Whereas
the 50-15 percentile wage gap can be divided roughly into equal positive parts, the 85-50
percentile wage gap exhibits a four times as big positive composition effect compared to
the negative wage effect in absolute terms.

In general, the key results of the detailed composition effect are for both measures
similar to the overall wage gap, see Panel (a) of Figure 2.4. Comparing the composition
effects on the lower and upper half of the wage distribution, we find that the effects on
the upper half of the wage distribution are more pronounced than on the lower part. This
holds also true for the automation threat variable. Turning to the wage structure effects
on the lower and upper half of the wage distribution different outcomes become apparent,

see Panel (b) of Figure 2.4. Regarding our measure of automation and robotization, we
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can state that automation threat has a clear inequality-increasing and highly significant
wage structure effect at the lower part of the wage distribution, while it has no statistically
significant effect at the upper part of the wage distribution. Thus, the changes in relative
wage returns between workers in occupations with high and low automation threat, as

predicted by RBTC, are only observable at the lower part of the wage distribution.

2.5.2 2012-2017

Counterfactual analysis. Figure 2.C.5 in Appendix 2.C shows the changes in the
wage distribution and the corresponding difference between 2012 and 2017. The shift of
the wage distribution to the right is more pronounced. Moreover, no major drop of the
peak compared to the development between 1996 and 2010 is observed. In fact, a rather
horizontal shift of the distribution where the peak is more located to the right becomes
apparent. Furthermore, the counterfactual distribution in 2017, where the composition of
the automation threat groups is shifted back to 2012, is illustrated. As seen before, the
counterfactual density approaches to the actual distribution in 2012. However, it becomes
evident that changes in the composition of automation threat are not responsible for the
horizontal shift to the right.

The comparison of the counterfactual difference to the actual difference between 2012
and 2017 is illustrated in Figure 2.C.6 in Appendix 2.C. Again, changes in the lower part
of the distribution are not affected by a large extent through compositional changes in
the automation threat groups, which is represented by a counterfactual difference close to
zero. In Figures 2.C.7 and 2.C.8 we re-estimate the standard inequality measures using
counterfactual weights. In this case, we also find supporting results of the above described

findings.

Decomposition results. In the more recent time period, the rise in the wage gap

between the 85th and the 15th percentile is less pronounced and increased by only 2.17

29

log points.®” This is due to the fact that the positive aggregate composition effect is

29Comprehensive tables of the decomposition results, which also include specification and reweighting
errors, can be found in Table 2.B.6 and Table 2.B.7 in Appendix 2.B.
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mitigated by the negative aggregate wage structure effect.

Among the composition effects for the 85-15 percentile wage gap, presented in Table
2.B.6 in Appendix 2.B, the one associated with the age structure of workers is no more
statistically significant in comparison to the first time period. A still significant although
less pronounced composition effect comes from education (1.15 log points), which corre-
sponds to a relative importance of 27% of the composition effect. The most important
inequality-increasing composition effect is associated with automation threat (1.72 log
points), which corresponds to a relative importance of 41%. Rather small but still signif-
icant effects that contribute to wage inequality are driven by changes in the composition
of the firm size, sector and nationality variables. Composition effects that are associated
with decreasing wage inequality are related to tenure and the bargaining regime, even if
their contribution is relatively small.

When turning to the decomposition results of the wage structure effect for the 85-
15 percentile wage gap, there are observable differences compared to the previous period.
The wage structure effects related to collective bargaining (2.32 log points) and nationality
(0.49 log points) contribute positively to rising wage dispersion in the more recent time
period, while the ones associated with tenure, age, regional differences, education and the
plant size dampen it. Again, the most important wage structure effect, which is associated
with decreasing wage dispersion is related to tenure, which amounts to -9.63 log points.
In comparison to the first time period, automation threat has no more a statistically
significant wage structure effect. It seems that in the recent past the change in the
composition of automation threat is the prominent channel through which automation
contributes to rising wage dispersion.

The decomposition results for the Gini coefficient show a slightly decrease in the
overall wage inequality by around 0.31 log points during the considered time period.
The aggregate composition effect is positive, while the aggregate wage structure effect
is negative, both are rather small (0.77 and 0.81, respectively). Among the composition
effects, the ones associated with education (0.32), automation threat (0.23) and the plant
size (0.22) contribute the most to the increase in wage inequality. The relative importance

of automation threat belongs to 26% of the composition effect. The positive automation-
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related composition effect is supported by the observed shift from 2012 to 2017 towards
occupations with low and middle automation threat, which are faced with significantly
higher wage dispersion. The estimated RIF coefficients on the middle and high automation
risk groups are again negative, see Table 2.B.11. Thus, we see the same dynamics behind
the automation-related composition effect as in the first period. Sectoral differences have
played a small but non-negligible role in rising wage dispersion with a relative importance
of around 8% of the composition effect. Small but still significant effects that contribute
to a decrease in wage inequality are associated with changes in the composition of tenure
and the bargaining regime, which is in line with the decomposition results of the 85-15
percentile wage gap.

The results of the detailed wage structure effect are more or less equal to the re-
sults of the 85-15 percentile wage gap, although the automation-related wage structure
effect is now the most important factor associated with decreasing wage dispersion, which
amounts to -2.22 log points. A closer look at the results of the RIF-regressions explains
this result, see Table 2.B.11. In 2012 as well as in 2017 both coefficients of the middle and
high automation threat group are negative. This suggests that an increase in the share
of the middle and high automation threat group is associated with a decrease in the esti-
mated Gini coefficient. Moreover, we see that between 2012 and 2017, the RIF-regressions
estimates for the middle automation threat group increase in absolute terms, while the
estimates for the high automation threat group decreases slightly in absolute terms. This
means that the contribution of the middle automation threat group on dampening wage
inequality was more pronounced in 2017 than in 2012, while the contribution of the high
automation threat group on dampening wage inequality was more pronounced in 2012
than in 2017, keeping everything else equal. Due to the fact that the automation-related
wage structure effect is negative, the contribution of the middle automation threat group
overweighs the contribution of the high automation threat group, thus, the change in the
coefficients becomes negative and is multiplied by the positive employment share of 2019
leading to a negative automation-related wage structure effect.

The decomposition results regarding the automation threat variable are comparable

to the decomposition results for the variance, see Table 2.B.13 in Appendix 2.B. The

47



CHAPTER 2. AUTOMATION, ROBOTS AND WAGE INEQUALITY IN
GERMANY: A DECOMPOSITION ANALYSIS

automation-related composition effect has played a major role in rising wage inequality,
which amounts to 0.33 log points and corresponds to a relative importance of 24% of the
composition effect. The wage structure effect associated with automation threat is an
important factor, which contributes to a decrease in wage inequality, amounting to -1.96
log points.

We now turn to the decomposition results of the two inequality measures considering
the lower and upper part of the wage distribution, see Table 2.B.7 in Appendix 2.B. It
becomes obvious that the less pronounced total increase of the 85-15 percentile wage gap
is due to the fact that the lower and upper part of the wage distribution are faced with
different inequality trends during the last years. While the wage gap at the lower end of
the wage distribution increased by 4.66 log points, the wage gap at the upper end of the
wage distribution decreased by 2.48 log points.

The aggregate composition effect is for both inequality measures positive. At the
lower part of the wage distribution the composition effects related to sectoral differences,
automation threat and plant size contribute the most to rising wage inequality, while
tenure, collective bargaining and regional fixed effects played a small but significant role
to dampen wage dispersion. Those effects are more or less similar to the detailed compo-
sition effects at the upper part of the wage distribution. However, it is evident that the
automation-related composition effect is more pronounced at the upper part of the wage
distribution then at the lower part. This observed difference in the contribution of au-
tomation threat along the wage distribution confirms the results from the counterfactual
analysis presented in Figure 2.C.5 in Appendix 2.C.

Among the wage structure effects, differences between the two inequality measures
become apparent. The aggregate wage structure effect for the 50-15 percentile wage gap
is positive, while it is negative for the 85-50 percentile wage gap. At the lower part of the
wage distribution, collective bargaining and nationality are relatively small but highly
significant factors associated with increasing wage dispersion, while those effects have
played no significant role for the upper part of the wage distribution. Regional differences
and the plant size contribute to a decrease in wage inequality at the lower part of the wage

distribution. Turning to the upper part of the wage distribution, inequality-increasing
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wage structure effects are related only to the RIF constant. As explained earlier in this
subsection, the constant of the wage structure effect can be interpreted as the change in
residual wage inequality of the base category. However, this effect is fully compensated by
inequality-decreasing factors associated with automation threat, tenure, age, education
and regional fixed effects. Automation threat is the most important factor associated
with a dampening effect on wage dispersion at the upper part of the wage distribution,
which amounts to -5.98 log points, while it has no significant effect at the lower part of

the wage distribution.

2.5.3 Robustness Check

The preceding decomposition analyses show a clear impact of automation threat on the
development of wage inequality in the manufacturing sector in Germany. In order to
validate our findings, we test the robustness using alternative model specifications. First,
we replace the automation probabilities by Dengler and Matthes (2015) with the common
used probabilities of computerisation provided by Frey and Osborne (2017). In a second
robustness check we test whether the automotive and other vehicles sector has a superior
influence on the analysis and thus leads to biased estimates. Similar to this, we exclude
the electronics sector and the plastic, chemicals and glass sector as further robustness

checks.

Probability of computerisation by Frey and Osborne (2017). Frey and Osborne
(2017) estimate the probability of computerisation of different occupations in the US,
which is a commonly used measure of automation risk. Using these estimated automation
probabilities for German occupations creates several problems, which are described in
Appendix 2.A. Those compatibility and conceptual problems have to be taken into account
by interpreting the results.

Frey and Osborne (2017) provide three types of ,engineering bottlenecks* to automa-
tion, which are (1) perception and manipulation, (2) creative intelligence and (3) social
intelligence (Frey and Osborne, 2017, p. 264). The higher the relevance of these bottle-

necks for a given occupation, the lower the probability for workers to be substituted by
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machines. In total, there are estimates for 702 occupations. The data are available at
the 6-digit SOC 2010 classification, thus, we have to translate the data into the 3-digit
German KldB 2010 classification, see Appendix 2.A. The alternative automation threat
variable is estimated in a similar way as before, see equation (2.5), using the computeri-
sation probabilities provided by Frey and Osborne (2017) as 6;.

The descriptive statistics of this alternative automation threat variable are presented
in Table 2.B.3 in Appendix 2.B. Similar to the findings in Section 2.4, the lowest within-
group wage inequality is found in the group with the highest automation threat, because
workers within the highest automation threat group tend to have similar education and
requirement levels. However, the distinct differences in the level of within-group wage
inequality are not that much pronounced as in our base variable, which is likely influenced
by the different estimation strategies. In the case of Dengler and Matthes (2015), higher
automation probabilities are associated with routine tasks, which are often conducted by
workers with middle education and similar requirement levels, while lower automation
probabilities are associated with non-routine tasks, which could be performed by low
and high educated workers with a broader range of requirement levels. This would lead
to lower within-group wage inequality in the high automation threat group and higher
within-group wage inequality in the middle and low automation threat groups.

In contrast, Frey and Osborne (2017) define some bottlenecks to automation for given
occupations. Those bottlenecks are more equally distributed over the whole range of
workers. Thus, in all three automation threat groups, the distribution of education and
requirement levels tend to be more equal, leading to smaller differences in within-group
wage inequality between the automation threat groups. In addition, the employment share
of the highest automation threat group decreases within the two time periods, while the
employment shares in the low and middle automation threat groups stay rather constant or
increase. Those compositional changes could contribute to an increase in wage inequality,
although to a smaller amount as compared to our basic automation threat variable.

The decomposition results are presented in Table 2.B.14 and 2.B.15 in Appendix
2.B. Turning to the automation-related composition effect, smaller coefficients are now

observable for almost all inequality measures during both periods. This underpins our
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results from the descriptive analysis. For the first time period, the automation-related
wage structure effect at the 85-15 percentile wage gap and the Gini coefficient is positive,
but no more significant. This is due to the fact that automation threat is now associated
with a significant inequality-decreasing wage structure effect at the 85-50 percentile wage
gap. This means that wages at the upper part of the wage distribution become more
equally distributed between and within the three automation threat groups over the first
time period.

In the second time period, the automation-related wage structure effect at the 85-
15 percentile wage gap is now positive and significant. Thus, changes in wage dispersion
between or within the automation threat groups lead to an increase in the 85-15 percentile
wage gap. This is due to the fact that automation threat is now associated with a large
positive and highly significant wage structure effect at the 50-15 percentile wage gap,
while the automation-related wage structure effect contributes no more to a decline in the
85-50 percentile wage gap.

Due to the different estimation strategy of Frey and Osborne (2017), the contribution
of the automation-related composition effect is smaller. In addition, changes in wage
dispersion between or within the automation threat groups lead to an increase in wage
inequality during the second time period. However, the compatibility and conceptual
problems that occur by using the estimations of Frey and Osborne (2017) for German
occupations lead to biased results, which we avoid by using the automation probabilities

provided by Dengler and Matthes (2015).

Automotive and other vehicles sector. The automotive and other vehicles sector (in
the following automotive sector) is by far the most affected sector by automation threat,
as already seen in Figure 2.C.1. In order to check whether our results are mainly driven
by the development in this sector, we exclude the automotive sector in Table 2.B.16 and
Table 2.B.17 in Appendix 2.B.

For both periods, the automation-related composition effect at the 85-15 percentile
wage gap, the Gini coefficient and the variance is still positive and significant, but even

larger than our basic decomposition results. This can be explained by the fact that most
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workers within the automotive sector belong to the high automation threat group, see
Table 2.B.1. In addition, the employment share in the automotive sector increased over the
whole period, see Table 2.1. Due to the fact that wage inequality is the lowest in the group
with the highest automation threat, as it is depicted in Figure 2.2, those structural changes
towards the automotive sector lead to a decrease in overall wage inequality. Therefore,
this dampening effect on wage inequality is not existent if we exclude the automotive
sector, leading to a higher automation-related composition effect. The same pattern
becomes apparent if we have a look at the results of the lower and upper part of the wage
distribution. As in the basic decomposition, the automation-related composition effect is
more pronounced at the upper part of the wage distribution. But again, the contribution
to the 50-15 and the 85-50 percentile wage gap is higher than in our basic decomposition
analysis.

Turning to the wage structure effect in the first period, the positive contribution of
automation to the 85-15 percentile wage gap is no more statistically significant. This is
due to the fact that automation threat is now associated with a significant inequality-
decreasing wage structure effect at the 85-50 percentile wage gap. This means that without
the automotive sector wages at the upper part of the wage distribution become more
equally distributed between and within the three automation threat groups over the first
time period. This effect at the upper part of the wage distribution vanishes if we include
the automotive sector in our basic decomposition analysis, leading to a positive and
significant automation-related wage structure effect at the 85-15 percentile wage gap.

In the second time period, the automation-related wage structure effect at the 85-
15 percentile wage gap is now positive and significant. Thus, changes in wage dispersion
between or within the automation threat groups lead to an increase in the 85-15 percentile
wage gap if the automotive sector is excluded. This is due to the fact that automation
threat is now associated with a large positive and highly significant wage structure effect
at the 50-15 percentile wage gap, while the automation-related wage structure effect
contributes no more to a decline in the 85-50 percentile wage gap.

This robustness check shows, that the automotive sector plays an important role for

the automation-related wage structure effect. It seems that the automotive sector ex-
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hibits a different evolution of the wage structure within and between the automation
threat groups than other manufacturing sectors. However, the automation-related com-

position effect is still positive and significant and differs only in its magnitude.

Further affected sectors. As presented in Figure 2.C.1 in Appendix 2.C there are
further sectors that are outstandingly affected by automation and robotization. Therefore,
additional robustness checks are conducted in order to exclude possible misinterpretations.
At first the observations of the electronics sector are dropped. The overall estimated
results reveal slightly smaller sizes of changes in the used inequality measures. Thus, the
effects of the automation threat variable are as well smaller in absolute terms. However,
the relative size and statistical significance do not change. Further, since the plastic,
chemicals and glass sector is also highly affected by our estimated automation threat,
we additionally conduct the robustness check excluding observations of this sector. The
results reveal slightly higher sizes of changes in the used inequality measures, however
as already seen before the relative effects and information regarding significance do not
change. Concluding, it can be seen that the development of these two sectors do not bias

the overall estimated results.

2.6 Conclusion

Germany is faced with one of the highest industrial robot density in the world. At the
same time, wage inequality in Germany underwent substantial changes in the last 25
years. Thus, possible impacts of automation and robotization on wage inequality should
be observable in Germany. We conduct a detailed decomposition analysis based on RIF-
regressions on several inequality indices considering automation threat. Using rich linked
employer-employee data, we are able to account for further different individual-, firm- and
industry-specific characteristics.

The analysis contributes to the existing literature in examining the relative importance
of automation technologies on wage inequality in the German manufacturing sector. Our

newly introduced measure of automation threat combines occupation- and requirement-
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specific scores of automation risk with yearly sector-specific robot densities to approxi-
mately cover the whole dimension of automation and robotization. We provide evidence
that automation threat contributes significantly to rising wage inequality in the German
manufacturing sector in the last two decades. Moreover, we present general findings on
the development of wage inequality and the associated driving forces for the recent years
until 2017, in which wage inequality stayed rather constant or even declined.

We distinguish between two channels through which automation threat contributes
to rising wage inequality. First, there is an observable trend towards occupations with
medium automation threat, accompanied by decreasing shares of occupations with high
and low automation threat. Due to the fact that within-group wage inequality is the lowest
in the group with the highest automation threat, those compositional changes contribute
to an increase in wage inequality. This automation-related composition effect corresponds
to a relative importance of roughly 10% of the overall composition effect between 1996 and
2010 and actually 41% in the time period until 2017. Second, we find evidence that there
is a growing wage dispersion between occupations with low automation threat (containing
especially non-routine tasks) and occupations with high automation threat (containing
especially routine tasks). This trend contributes to rising wage inequality as predicted
by RBTC, where technology increases the relative demand, and consequently the relative
wages, for non-routine tasks compared to routine tasks. This automation-related wage
structure effect is prevalent in the 1990s and 2000s, while there is no evidence that this
effect has played a significant role in the more recent time period.

Dauth et al. (2021) confirm our findings that automation contributes to rising wage
inequality within the manufacturing sector. They provide evidence that this increase
stems from the fact that workers who remain by their employer experienced higher wages,
whereas those who are forced to leave their original firm are faced with wage losses. Our
findings according to the composition effect of automation threat are in line with the
decomposition results of Kaltenberg and Foster-McGregor (2020). They find evidence
that the composition effect of increasing automation contributes to a large extent to wage
inequality across European countries, where the automation related impact occurs mainly

at the upper part of the wage distribution.
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The decomposition analysis enables us to identify automation threat as an impor-
tant source that contributes to increasing wage inequality, however, our results cannot
be interpreted as causal effects. An analysis of the sources of wage inequality, especially
of automation and robotization, in a more causal sense is highly important for future
research. Another interesting research area examines the effects of industrial robots by
gender and on the gender wage gap. This could be a valuable extension of future research
based on the approach presented in this analysis. Moreover, considering only wage in-
equality could underestimate the effect of automation and robotization on the earning
capacity of the society. Due to our data structure we are not able to analyse if workers
are forced into unemployment as a result of increasing automation in their occupational
field. Future research could examine whether such displacement effects lead to even higher

inequality.

35



CHAPTER 2. AUTOMATION, ROBOTS AND WAGE INEQUALITY IN
GERMANY: A DECOMPOSITION ANALYSIS

Appendix 2.A

Classification of economic activities. The robot data can be matched with the LIAB
data without using a crosswalk. The LIAB data are available in the Classification of
Economic Activities for the Statistics of the Federal Employment Services, edition 2008
(Klassifikation der Wirtschaftszweige 2008, WZ 2008). WZ 2008 is equivalent to the
Statistical Classification of Economic Activities in the European Community (NACE)
Rev. 2 and this classification is equal to ISIC Rev. 4 at the 2-digit level. There is one
drawback that has to be taken into account when using the industrial classification WZ
2008. The data provides original values between 2008 and 2017. However, before the
classifications of the economic activity have been updated, the industry codes rely on
prior editions. Thus, the IAB provides a variable for industry classification WZ 2008,
where the industry codes have been extrapolated and imputed to obtain time-consistent
information for the period prior 2008. The imputation procedure is described in Eberle

et al. (2011).

Advantages of the substitution potential provided by Dengler and Matthes
(2015). Frey and Osborne (2017) estimate the probability of computerisation of different
occupations in the US. Using these estimated automation probabilities for German occu-
pations creates several problems. First, there are compatibility problems by mapping the
occupation classification, used by Frey and Osborne (2017), into the German occupation
classification, see Appendix 2.A. Second, it is not likely that occupations in the US have
the same job profiles and thus the same automation probabilities than the correspond-
ing occupations in Germany. Given the problems by establishing a similar concept for
occupations practised in Europe, see Sloane (2008), it is unlikely that the job profiles in
the US and Germany are so similar that a direct transformation of the US automation
probabilities to Germany is appropriate. Third, Frey and Osborne (2017) estimate the
automation probabilities using an occupation-based approach. This underlies the assump-
tion that whole jobs are replaced by automation. As Arntz et al. (2016) argue, it is more
realistic to assume that single job-tasks rather than whole occupations are substituted

by automation, because high-risk occupations still contain some tasks that are difficult
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to automate. By applying the occupation-based approach, it is likely that they overesti-
mate the probability of job automatibility, see e.g. Arntz et al. (2016) and Bonin et al.
(2015). In order to avoid those problems, it is necessary to investigate the probability of

job automatibility directly for occupations in Germany, based on a task-based approach.

Counterfactual wage distributions. In total we consider three different groups of
possible automation threat, » = 1,2,3. Following Hyslop and Maré (2005) and Biewen
and Juhasz (2012), a multinomial logit model is estimated accounting for all remaining
covariates of our main analysis in order to estimate counterfactual weights, wy,. With the
resulting weights it is possible to establish a counterfactual distribution that accounts for
changes in the composition of the automation groups. This counterfactual distribution
illustrates the distribution, where the automation groups are shifted back to the level of
point in time 0 and everything else is fixed at the level of point in time 1. As a result of
this, we obtain counterfactual weights, which are multiplied with the initial sample weights
provided by the LIAB data. For further details see DiNardo (2002). The counterfactual

wage distribution is then estimated as follows:
w|t = O ZWOTflr (Al)

where f,.(w) is the initial wage distribution of point in time 1.
Using the weights wy,, it is also possible to estimate counterfactual values of our

described inequality measures.

SOC 2010 - K1dB 2010 crosswalk. Mapping the occupations at the 6-digit SOC 2010
classification into the 3-digit KldB 2010 classification creates ambiguous cases, because
one KldB 2010 occupation can be allocated to several SOC 2010 occupations. Brzeski
and Burk (2015) and Bonin et al. (2015) (in a first step) transfer the occupations at the 6-
digit SOC 2010 classification into the KldB 2010 classification by using the average of the
automation probability, if the mapping is not unique. In order to improve the crosswalk
we apply in those ambiguous cases a weighted average of the automation probability,

using employment shares.
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First, we use the crosswalk provided by the Bureau of Labor Statistics (BLS)* to
map the data from the 6-digit SOC 2010 into the international 4-digit ISCO 2008 classi-
fication. We assign a weighted average of the job automation probability, using 2014 US
employment weights provided by the BLS?!, in case that the mapping is not unique. Next,
we map the international 4-digit ISCO 2008 classification into the German 5-digit KldB
2010 classification, where the crosswalk is provided by the German Federal Employment
Agency®?, again applying 2014 US employment weights.?® As a last step, we aggregate
the 5-digit KIdB 2010 classification into the 3-digit code, using 2014 German employment
weights provided by the German Federal Employment Agency.?*

30https://www.bls.gov/soc/soccrosswalks.htm

3lhttps://www.bls.gov/oes/tables.htm

32nttps://statistik.arbeitsagentur.de/Navigation/Statistik/Grundlagen/
Klassifikationen/Klassifikation-der-Berufe/K1dB2010/Arbeitshilfen/Umnsteigeschluessel/
Umsteigeschluessel-Nav.html

33Due to the fact that US employment data are only available for SOC 2010 classification, we apply
the crosswalk provided by the BLS to map the US employment data from the 6-digit SOC 2010 into the
international 4-digit ISCO 2008 classification, using 2014 US employment weights.

3nttps://statistik.arbeitsagentur.de/Statistikdaten/Detail/201406/iiia6/
beschaeftigung-sozbe-bo-heft/bo-heft-d-0-201406-x1sx.x1sx?__blob=publicationFile&v=1
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Appendix 2.B

Table 2.B.1: Comparison between the estimated automation threat and the automation
probability provided by Dengler and Matthes (2015), by sector

Automation threat Automation probability
defined by equation (2.5) by Dengler and Matthes (2015)
Economic Sector Low automation Medium automation High automation Low automation Medium automation High automation
1996
Food and beverages 52.20 4.43 0 10.73 11.37 0.43
Textiles 5.08 13.73 0 3.40 2.32 3.50
Wood, furniture and paper 6.81 13.95 8.62 7.70 5.10 14.31
Plastic and chemical products 13.12 12.92 14.68 22.61 11.29 15.45
Metal products 5.37 6.85 26.88 18.10 14.08 29.23
Electrical products 5.18 8.44 11.81 10.15 12.94 7.91
Industrial machinery 11.37 38.91 17.71 13.38 25.68 16.87
Automotive and other vehicles 0.87 0.77 20.31 13.93 17.22 12.30
2010
Food and beverages 14.68 20.30 1.11 12.60 11.37 0.45
Textiles 17.19 0 0 1.79 1.01 1.60
Wood, furniture and paper 22.99 25.94 0 9.28 4.26 13.11
Plastic and chemical products 6.85 5.75 18.33 19.69 9.86 18.17
Metal products 14.19 13.01 26.90 14.80 16.42 31.45
Electrical products 14.00 13.12 14.57 16.33 16.79 10.44
Industrial machinery 9.94 21.68 15.22 10.40 20.10 13.58
Automotive and other vehicles 0.16 0.19 23.87 15.11 20.20 11.19
2012
Food and beverages 9.19 21.16 1.42 8.96 11.25 1.12
Textiles 11.86 0 0 1.44 1.05 1.54
Wood, furniture and paper 43.93 10.92 0 7.14 4.40 10.90
Plastic and chemical products 3.49 9.92 17.10 18.73 10.59 16.29
Metal products 7.53 10.84 31.09 14.40 17.47 34.18
Electrical products 11.29 17.16 10.37 17.35 14.00 8.07
Industrial machinery 12.36 29.78 16.89 18.26 22.15 16.58
Automotive and other vehicles 0.35 0.23 23.13 13.72 19.08 11.32
2017
Food and beverages 13.49 30.40 0.61 13.03 14.47 1.12
Textiles 5.98 0 0 0.64 0.48 1.25
Wood, furniture and paper 54.94 0 0 7.45 3.95 11.50
Plastic and chemical products 2.49 7.33 13.37 13.50 7.69 13.41
Metal products 2.15 10.18 25.82 11.79 12.98 30.88
Electrical products 8.47 22.12 6.63 12.86 11.80 8.28
Industrial machinery 12.04 29.72 16.73 18.17 21.39 16.87
Automotive and other vehicles 0.46 0.24 36.83 22.57 27.25 16.69

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the descriptive statistics for four time points separately for each automation threat group. It is
a comparison of our proposed variable measuring automation threat and the automation probabilities provided by Dengler

and Matthes (2015). All employment shares are reported in percent. Sampling weights are employed.
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Table 2.B.2: Descriptive statistics of the automation threat variable, by groups

1996 Std. Dev. 2010 Std. Dev. 2012 Std. Dev. 2017  Std. Dev.
Automation threat: low
Real daily wage 127.62  (61.12) 14174 (77.25) 143.28 (79.92) 140.54  (76.99)
Education: low 1258 (33.16) 867  (28.14) 613 (23.99) 455  (20.84)
Education: middle 75.48  (43.01)  71.60  (45.09) 72.33  (44.74) 7698  (42.09)
Education: high 1194 (3242) 1973 (39.79) 2155  (41.11) 1847  (38.80)
Requirement level: unskilled activities 0.78 (8.79) 0.79 (8.85) 9.11 (28.77) 10.21 (30.28)
Requirement level: specialist activities 67.82  (46.72)  56.24  (49.61)  44.95  (49.74)  52.64  (49.93)
Requirement level: complex activities 1725 (37.78) 15.78  (36.45)  25.12  (43.37)  20.51 (40.38)
Requirement level: highly complex activities 14.15  (34.85)  27.19  (44.49)  20.82  (40.60)  16.64  (37.25)
Automation threat: middle
Real daily wage 147.36 (65.55) 145.86  (82.24) 158.28  (84.46)  160.45  (85.43)
Education: low 9.60 (29.45) 7.56 (26.44) 4.86 (21.51) 4.88 (21.54)
Education: middle 68.56  (46.43)  70.50  (45.56)  65.93  (47.39)  66.37  (47.24)
Education: high 21.84 (41.31) 21.85 (41.32) 29.21 (45.47) 28.74 (45.25)
Requirement level: unskilled activities 1.07 (10.28) 2.77 (16.39) 1092  (31.19) 1242  (32.98)
Requirement level: specialist activities 55.65  (49.68)  59.56  (49.07)  36.35  (48.10)  36.24  (48.06)
Requirement level: complex activities 25.86  (43.78)  23.67  (42.50)  26.58  (44.17)  26.83  (44.31)
Requirement level: highly complex activities 17.43  (37.93) 14.01 (34.71)  26.15  (43.94) 2452 (43.02)
Automation threat: high
Real daily wage 12120 (43.90) 133.85 (62.96) 128.65 (56.16) 143.43  (60.81)
Education: low 1278 (33.38)  9.06  (28.70) 825  (27.51) 680  (25.17)
Education: middle 81.44 (38.88) 81.03 (39.21) 83.63 (37.00) 83.69 (36.94)
Education: high 5.78 (23.34) 9.92 (29.88) 8.12 (27.32) 9.51 (29.33)
Requirement level: unskilled activities 3.10 (17.32) 1.16 (10.73) 16.34  (36.97) 12.61 (33.19)
Requirement level: specialist activities 83.53 (37.09) 84.88 (35.82) 68.39 (46.49) 68.86 (46.30)
Requirement level: complex activities 9.40 (29.18) 7.76 (26.75) 10.51  (30.67) 11.58  (32.00)
Requirement level: highly complex activities ~ 3.98 (19.55) 6.19 (24.10) 4.75 (21.27) 6.94 (25.41)

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.

Notes: The table presents the descriptive statistics for four time points separately for each automation threat group. All

variables, except the wage are reported in percent, standard deviations are given in parentheses. Sampling weights are

employed.
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Table 2.B.3: Descriptive statistics of the alternative automation threat variable with
automation probabilities provided by Frey and Osborne (2017), by groups

1996 2010 2012 2017
Automation threat: low
Employment share 18.29 21.38 16.90 16.53
Real daily wage 129.05 140.67 145.29 154.94
Gini coefficient 0.2142 0.2469 0.2644 0.2546
Education: low 9.63 5.31 5.13 3.61
Education: middle 80.13 77.55 71.04 72.04
Education: high 10.24 17.14 23.83 24.35
Requirement level: unskilled activities 0.08 2.67 10.66 7.38
Requirement level: specialist activities 59.77 59.36 45.59 46.68
Requirement level: complex activities 28.73 21.92 21.53 23.54
Requirement level: highly complex activities 11.42 16.04 22.22 22.40
Automation threat: middle
Employment share 37.77 37.73 35.45 36.06
Real daily wage 127.59 137.09 138.93 141.06
Gini coefficient 0.1950 0.2530 0.2370 0.2378
Education: low 10.01 8.28 5.24 5.34
Education: middle 79.15 77.21 79.04 79.87
Education: high 10.85 14.51 15.72 14.79
Requirement level: unskilled activities 5.36 1.95 10.09 12.05
Requirement level: specialist activities 74.65 75.12 60.27 60.32
Requirement level: complex activities 11.47 12.52 18.69 17.49
Requirement level: highly complex activities 8.52 10.41 10.96 10.15
Automation threat: high
Employment share 43.95 40.89 47.65 47.41
Real daily wage 124.34 136.28 133.01 149.46
Gini coefficient 0.1924 0.2241 0.2252 0.2218
Education: low 15.17 10.73 9.44 7.40
Education: middle 77.39 78.09 80.22 79.69
Education: high 7.44 11.18 10.34 12.91
Requirement level: unskilled activities 1.02 0.58 18.70 14.12
Requirement level: specialist activities 86.11 86.06 61.40 61.45
Requirement level: complex activities 8.03 7.38 11.76 13.40
Requirement level: highly complex activities 4.84 5.98 8.13 11.03

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Frey and Osborne (2017), own calculations.

Notes: The table presents the descriptive statistics for four time points separately for each automation threat group. All

variables, except the wage are reported in percent. Sampling weights are employed.
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Table 2.B.4: Decomposition of the 85-15 percentile wage gap and the Gini coefficient,

1996-2010

Inequality measure

85-15

Gini coefficient

Coefficient Standard Error

Coefficient Standard Error

Total change 10.67* (0.40) 4.247 (0.10)
Pure composition effect

Age 3.85%* (0.23) 0.70%* (0.05)
Education 5.56% (0.31) 1,647 (0.09)
Tenure —0.39* (0.22) —0.04 (0.05)
Nationality 0.11% (0.03) 0.01 (0.01)
Automation threat 1.33" (0.16) 0.17% (0.03)
Collective bargaining 0.73 (0.51) 0.37** (0.11)
Plant size —0.61% (0.12) —0.22+ (0.03)
Region —0.20°* (0.08) ~0.03 (0.02)
Sector 0.64*** (0.09) 0.11%** (0.02)
Total 11.00° (0.69) 2.1 (0.15)
Specification error —0.85 (0.62) —0.57* (0.10)
Pure wage structure effect

Age 5.03%* (1.59) 1,575 (0.44)
Education 1.887 (0.58) 1.10" (0.12)
Tenure —14.16" (5.08) —2.56 (1.17)
Nationality —0.45** (0.18) —0.06 (0.04)
Automation threat 5.43** (2.69) 2.55** (0.80)
Collective bargaining —8.18"** (1.25) —1.46"** (0.26)
Plant size 2,847 (0.68) 0.58%* (0.16)
Region —0.65 (0.84) —0.22 (0.21)
Sector 5.07*** (1.12) 0.70*** (0.26)
Constant 5.11 (6.02) 0.20 (1.47)
Total 1.92 (0.55) 2,38 (0.15)
Reweighting error —1.42% (0.16) —0.28*** (0.05)

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the results of the RIF-regressions based OB decomposition approach based on log daily wages
(85-15) and daily wages (Gini coefficient). The sample is restricted to male full-time workers in the manufacturing sector
between 18 and 65 years, who earned more than 10 euros per day and work in West Germany. All coefficients above are
*k* ** and * indicate statistical significance at the 1, 5, and 10 percent level,
respectively. Bootstrapped standard errors with 100 replications are presented in parentheses. Sampling weights are

multiplied by 100 for convenience.

employed.

62



CHAPTER 2. AUTOMATION, ROBOTS AND WAGE INEQUALITY IN
GERMANY: A DECOMPOSITION ANALYSIS

Table 2.B.5: Decomposition of the 50-15 and the 85-50 percentile wage gap, 1996-2010

Inequality measure

50-15

85-50

Coefficient Standard Error

Coefficient Standard Error

Total change 7.11% (0.32) 3.56*** (0.27)
Pure composition effect

Age 1.05** 0.15 2.80** 0.17
Education 1.21% 0.07 4.35%** 0.27
Tenure —0.10 0.18 —0.29* 0.17
Nationality 0.06™* 0.02 0.04** 0.02

Automation threat
Collective bargaining

0.40**

0.93** 0.13

Plant size —0.49"* 0.08 —0.12** 0.06
Region —0.01 0.05 —0.19™ 0.06
Sector —0.05 0.06 0.69*** 0.08
Total 2.59™ 0.40 8.42%* 0.57

Specification error

Pure wage structure effect

(0.15)
(0.07)
(0.18)
(0.02)
(0.06)
0.51 (0.35)
(0.08)
(0.05)
(0.06)
(0.40)
117 (0.36)

—2.027

(0.17)
(0.27)
(0.17)
(0.02)
(0.13)
0.21 (0.37)
(0.06)
(0.06)
(0.08)
(0.57)
(0.57)

Age —1.57 (1.25) 6.61%* (1.31)
Education 0,68 (0.20) 255+ (0.56)
Tenure —14.67* (4.01) 0.51 (2.42)
Nationality ~0.03 (0.14) —0.417 (0.10)
Automation threat 7,67+ (1.65) —2.24 (1.91)
Collective bargaining —5.61%* (0.96) —2.57 (1.00)
Plant size 3.45%* (0.61) —0.61 (0.64)
Region —0.41 (0.72) —0.24 (0.69)
Sector 3.26% (0.99) 1.81* (1.02)
Constant 12.39*** (4.80) —7.28* (3.85)
Total 3797 (0.46) 187 (0.49)
Reweighting error —0.44*** (0.09) —0.98** (0.11)

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the results of the RIF-regressions based OB decomposition approach based on log daily wages.
The sample is restricted to male full-time workers in the manufacturing sector between 18 and 65 years, who earned more
than 10 euros per day and work in West Germany. All coefficients above are multiplied by 100 for convenience. *** **,
and * indicate statistical significance at the 1, 5, and 10 percent level, respectively. Bootstrapped standard errors with 100
replications are presented in parentheses. Sampling weights are employed.
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Table 2.B.6: Decomposition of the 85-15 percentile wage gap and the Gini coefficient,
2012-2017

Inequality measure 85-15 Gini coefficient

Coefficient Standard Error Coefficient Standard Error

Total change 2,17 (0.49) —0.31%** (0.09)

Pure composition effect

Age 0.03 (0.10) 0.00 (0.02)
Education 1.15 (0.17) 0.32° (0.05)
Tenure —0.19"** (0.04) —0.04"** (0.01)
Nationality 0.02* (0.01) 0.00 (0.00)
Automation threat 172+ (0.15) 0.23** (0.02)
Collective bargaining —0.11% (0.04) —0.02** (0.01)
Plant size 0.68*** (0.14) 0.22%* (0.03)
Region ~0.08 (0.06) 0.00 (0.01)
Sector 0.24*** (0.09) 0.07*** (0.02)
Total 3.40" (0.28) 077 (0.06)
Specification error 1247 (0.13) —0.16" (0.01)
Pure wage structure effect

Age —6.12+ (1.74) —1.39% (0.31)
Education —2.76™** (0.48) —0.38"** (0.06)
Tenure —9.63** (4.10) —1.99** (0.82)
Nationality 0,497 (0.18) 0.05* (0.03)
Automation threat —3.52 (2.78) —2.22%%* (0.45)
Collective bargaining 2.32** (0.93) 0.39** (0.18)
Plant size —1.16* (0.64) —0.30™* (0.12)
Region —4.23" (0.81) —0.86" (0.20)
Sector 1.10 (0.99) 0.19 (0.20)
Constant 21.72% (5.67) 5.70%* (1.02)
Total —1.797 (0.51) —0.81 (0.09)
Reweighting error —0.69*** (0.06) —0.11% (0.02)

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the results of the RIF-regressions based OB decomposition approach based on log daily wages
(85-15) and daily wages (Gini coefficient). The sample is restricted to male full-time workers in the manufacturing sector
between 18 and 65 years, who earned more than 10 euros per day and work in West Germany. All coefficients above are
multiplied by 100 for convenience. *** ** and * indicate statistical significance at the 1, 5, and 10 percent level,
respectively. Bootstrapped standard errors with 100 replications are presented in parentheses. Sampling weights are
employed.
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Table 2.B.7: Decomposition of the 50-15 and the 85-50 percentile wage gap, 2012-2017

Inequality measure

50-15

85-50

Coefficient Standard Error

Coefficient Standard Error

Total change 4.66* (0.39) —2.48"** (0.24)
Pure composition effect

Age —0.03 0.04 0.00 0.08
Education 0.20%* 0.03 0.95** 0.14
Tenure —0.14* 0.03 —0.05* 0.02
Nationality 0.01 0.01 0.01** 0.00

Automation threat
Collective bargaining

0.58"* 0.06

1.14%

Plant size 0.49** 0.10 0.19** 0.08
Region —0.10* 0.04 0.02 0.04
Sector 0.61** 0.05 —0.37 0.08
Total 1.54% 0.15 1.86*** 0.22

Specification error

Pure wage structure effect

0.02

(0.04)
(0.03)
(0.03)
(0.01)
(0.06)
—0.09" (0.03)
(0.10)
(0.04)
(0.05)
(0.15)
(0.09)

1.22%*

(0.08)
(0.14)
(0.02)
(0.00)
(0.10)
—0.02* (0.01)
(0.08)
(0.04)
(0.08)
(0.22)
(0.10)

Age ~1.69 (1.31) — 4427 (1.07)
Education 0.13 (0.16) —9.89% (0.43)
Tenure —4.05 (3.08) —5.58" (2.31)
Nationality 0.42%* (0.15) 0.07 (0.09)
Automation threat 2.47 (2.10) —5.98"** (1.90)
Collective bargaining 1.79* (0.78) 0.53 (0.58)
Plant size —1.12* (0.46) —0.05 (0.42)
Region —1.69* (0.64) 054+ (0.66)
Sector 0.07 (0.73) 1.03 (0.71)
Constant 6.86 (4.66) 14.86*** (3.29)
Total 3197 (0.39) —1.98 (0.33)
Reweighting error —0.10*** (0.03) —0.59** (0.05)

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the results of the RIF-regressions based OB decomposition approach based on log daily wages.
The sample is restricted to male full-time workers in the manufacturing sector between 18 and 65 years, who earned more
than 10 euros per day and work in West Germany. All coefficients above are multiplied by 100 for convenience. *** **,
and * indicate statistical significance at the 1, 5, and 10 percent level, respectively. Bootstrapped standard errors with 100
replications are presented in parentheses. Sampling weights are employed.
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Table 2.B.8: RIF-regressions 15th quantile, 1996 2010 2012 2017

1996 2010 2012 2017
Age: 18-25 -0.0406** -0.08277%* -0.0618%** -0.0347*
(0.0166) (0.0171) (0.0155) (0.0208)
Age: 36-45 -0.0442%** -0.0442%%* -0.0589*** -0.0582%**
(0.0086) (0.0104) (0.0104) (0.0137)
Age: 46-55 -0.0442%** -0.0887#** -0.0962%** -.0692*+*
(0.0104) (0.0114) (0.0117) (.0164)
Age: > 56 -0.0506%** -0.0946%** -0.0983*#* -0.1165%#*
(0.0115) (0.0130) (0.0126) (0.0172)
Education: low  -0.1148%** -0.1534%%* -0.1568%** -.1383***
(0.0069) (0.0084) (0.0101) (.0133)
Education: high  0.0779%** 0.1227#%* 0.1197%** 0.1277%%*
(0.0060) (0.0051) (0.0051) (0.0066)
Tenure: 2-4  0.0997*** 0.0984*** 0.1237%** 0.0993***
years (0.0219) (0.0232) (0.0179) (0.0222)
Tenure: 4-8  0.2144%** 0.1975%*** 0.1875%*** 0.26617%**
years (0.0189) (0.0241) (0.0177) (0.0231)
Tenure: 8-16 0.2721%** 0.3239%** 0.2038%** 0.3606%**
years (0.0189) (0.0267) (0.0187) (0.0240)
Tenure: > 16 0.3412%** 0.4645%** 0.4519%** 0.4806***
years (0.0198) (0.0286) (0.0207) (0.0269)
Nationality -0.03927%** -0.03117%** -0.0455%** -0.0881***
(.0084) (0.0084) (0.0091) (0.0127)
Automation 0.0021 -0.0563*** -0.0042 -0.0350
threat: middle  (0.0099) (0.0117) (0.0097) (0.0244)
Automation -0.0180* -0.0673*** -0.0314%#* -0.0191
threat: high (0.0108) (0.0109) (0.0097) (0.0221)

Continued on next page
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Table 2.B.8 — Continued from previous page

1996 2010 2012 2017
Firm level agree- -0.0097 0.1666%** 0.1377#%* 0.1274%**
ment (0.0198) (0.0072) (0.0069) (0.0090)
Sector level 0.0379** 0.1762%+* 0.17817%** 0.1863***
agreement (0.0172) (0.0071) (0.0066) (0.0074)
Plant size: 1-9 -0.3037*** -0.6222%+* -0.6038*#* -0.5561*+*
employees (0.0320) (0.0358) (0.0365) (0.0481)
Plant size: 10-49 -0.1651*** -0.2516%** -0.2717%%* -0.2482%**
employees (0.0111) (0.0111) (0.0109) (0.0152)
Plant size: 50- -0.0472%** -0.1045%** -0.1064*** -0.1031%**
199 employees  (0.0037) (0.0048) (0.0048) (0.0072)
Plant size: 1000- 0.0219*** 0.0404%** 0.0438%*** 0.0528***
4999 employees  (0.0021) (0.0025) (0.0024) (0.0045)
Plant size: > 0.0313*** 0.0386*** 0.0326*** 0.0796***
5000 employees  (0.0029) (0.0035) (0.0026) (0.0066)
Sector: Food -0.1033%** -0.2407%F* -0.2665%** -0.5079%**
and beverages (0.0179) (0.0141) (0.0135) (0.0226)
Sector: Textiles — -0.1922%** -0.3958%#* -0.3723%#* -0.3915%#*

(0.0181) (0.0282) (0.0330) (0.0429)
Sector:  Wood, 0.0229* -0.1248%** -0.1117%%* -0.1047%**
furniture  and (0.0132) (0.0129) (0.0135) (0.0270)
paper
Sector:  Plastic  0.0418%** -0.0183** 0.0056 -0.0516%**
and  chemical (0.0084) (0.0076) (0.0078) (0.0099)
products
Sector: Electri- 0.0307*** 0.0217*** 0.0198%*** 0.0188*
cal products (0.0093) (0.0072) (0.0077) (0.0108)

Continued on next page
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Table 2.B.8 — Continued from previous page

1996 2010 2012 2017
Sector:  Indus- 0.0438%** 0.0846%** 0.0949%** 0.0696***
trial machinery  (0.0095) (0.0065) (0.0065) (0.0077)
Sector: Automo- 0.0572%** 0.0198%*** 0.0248%*** -0.0373%**
tive and other (0.0066) (0.0061) (0.0057) (0.0079)
vehicles
Schleswig- 0.0035 -0.0655%** -0.0592%** -0.0093
Holstein (0.0182) (0.0149) (0.0126) (0.0161)
Hamburg 0.0527*** 0.0145%* 0.0601*** -0.0092
(0.0117) (0.0087) (0.0094) (0.0157)
Lower Saxony -0.0676%** -0.0718%** -0.0359%** -0.0071
(0.0100) (0.0077) (0.0076) (.0091)
Bremen -0.0119 -0.0056 0.0183** -0.0805%#*
(0.0231) (0.0132) (0.0079) (0.0111)
Hesse -0.0125 -0.0871%** -0.0636*** -0.06977#**
(0.0096) (0.0092) (0.0091) (0.0096)
Rhineland- -0.0828*** -0.0487%** -0.0473%** 0.0249
Palatinate (0.0147) (0.0087) (0.0095) (0.0088)
Baden- 0.0019 0.0117* 0.0022 0.0264***
Wuerttemberg  (0.0074) (0.0066) (0.0069) (0.0090)
Bavaria -0.0565*** -0.0554%** -0.0396%** -0.0325%#*
(0.0069) (0.0074) (0.0071) (0.0092)
Saarland 0.0328%** -0.0854%** -0.1410%** -0.0695%#*
(0.0132) (0.0097) (0.0128) (0.0152)
Constant 4.2661*** 4.1694%#* 4.1530%** 4.1578%**
(0.0295) (0.0275) (0.0209) (0.0334)
Observations 576,895 389,624 437,336 320,970

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the RIF-regressions for the 15th quantile. The observed years are 1996, 2010, 2012 and 2017.

Standard errors are given in parentheses. Sampling weights are employed.
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Table 2.B.9: RIF-regressions 50th quantile, 1996 2010 2012 2017

1996 2010 2012 2017
Age: 18-25 -0.0720%** -0.10817%*%** -0.0723%%* -0.0496***
(0.0071) (0.0076) (0.0070) (0.0065)
Age: 36-45 0.0049 0.0033 -0.0019 -0.0043
(0.0052) (0.0051) (0.0054) (0.0053)
Age: 46-55 0.0198%** -0.0141°** -0.0251°%%* -0.0077
(0.0064) (0.0055) (0.0061) (0.0066)
Age: > 56 0.0179** -0.0187#+* -0.0357##* -0.0348%#*
(0.0082) (0.0065) (0.0068) (0.0072)
Education: low  -0.1721%** -0.1666*** -0.1567H%* -0.1059%**
(0.0038) (0.0037) (0.0042) (0.0047)
Education: high  0.2435%** 0.2769*** 0.2668%** 0.2792%**
(0.0050) (0.0035) (0.0038) (0.0043)
Tenure: 2-4  (0.0313%** 0.0289%** 0.0426%** 0.0394***
years (0.0097) (0.0105) (0.0079) (0.0080)
Tenure: 4-8  0.0608*** 0.0529°%** 0.0763%** 0.0870%**
years (0.0092) (0.0125) (0.0077) (0.0084)
Tenure: 8-16  0.1447*** 0.1239%*** 0.1571#%* 0.1676%**
years (0.0100) (0.0144) (0.0087) (0.0089)
Tenure: > 16 0.2259*** 0.2172%** 0.2607*** 0.2489%**
years (0.0107) (0.0154) (0.0100) (0.0101)
Nationality -0.0621*** -0.0660%** -0.0660*** -0.0602%**
(0.0046) (0.0043) (0.0045) (0.0045)
Automation -0.0074 -0.0428%** -0.0613%** -0.0245%**
threat: middle  (0.0075) (0.0070) (0.0055) (0.0090)
Automation -0.1009*** -0.1390*** -0.2038%+* -0.1649%+*
threat: high (0.0074) (0.0068) (0.0058) (0.0087)

Continued on next page
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Table 2.B.9 — Continued from previous page

1996 2010 2012 2017
Firm level agree- 0.0026 0.0477*** 0.0397*** 0.0475%**
ment (0.0119) (0.0042) (0.0049) (0.0047)
Sector level 0.0169* 0.0666*** 0.0799*** 0.1020%***
agreement (0.0102) (0.0037) (0.0036) (0.0038)
Plant size: 1-9 -0.1746*** -0.2226%** -0.2331%#* -0.2131%#*
employees (0.0180) (0.0154) (0.0143) (0.0196)
Plant size: 10-49 -0.1350*** -0.1495%** -0.1387*** -0.1271%**
employees (0.0081) (0.0058) (0.0060) (0.0074)
Plant size: 50- -0.0319%** -0.0719%** -0.0801*** -0.0819%**
199 employees  (0.0034) (0.0032) (0.0036) (0.0041)
Plant size: 1000- 0.0313%** 0.1098*** 0.1319%*** 0.1317***
4999 employees  (0.0018) (0.0021) (0.0022) (0.0028)
Plant size: > 0.1607*** 0.2317*** 0.2211%** 0.2282%***
5000 employees  (0.0024) (0.0026) (0.0024) (0.0038)
Sector: Food -0.0946*** -0.1487%+* -0.1886** -0.3234%4*
and beverages (0.0106) (0.0071) (0.0074) (0.0086)
Sector: Textiles — -0.1808*** -0.1958%#* -0.2469%** -0.2124 %%

(0.0113) (0.0147) (0.0161) (0.0182)
Sector:  Wood, 0.0129 -0.1461%** -0.2175%** -0.2177F**
furniture  and  (0.0087) (0.0065) (0.0075) (0.0111)
paper
Sector:  Plastic  0.0375%** 0.0168%*** 0.0117** -0.0274%F*
and  chemical (0.0059) (0.0042) (0.0048) (0.0052)
products
Sector: Electri- 0.0365%** 0.0858*** 0.0419%*** 0.0250***
cal products (0.0072) (0.0043) (0.0045) (0.0065)

Continued on next page
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1996 2010 2012 2017
Sector:  Indus- 0.0557*** 0.0929%** 0.0876*** 0.0811%**
trial machinery  (0.0058) (0.0040) (0.0041) (0.0047)
Sector: Automo- 0.0955%** 0.084 1%+ 0.1013%** 0.0733***
tive and other (0.0046) (0.0037) (0.0038) (0.0045)
vehicles
Schleswig- -0.0019*** -0.0350%** -0.0286%** -0.0302%**
Holstein (0.0139) (0.0067) (0.0067) (0.0074)
Hamburg 0.0688*** 0.0616*** 0.0828*** 0.0400%**
(0.0116) (0.0052) (0.0081) (0.0078)
Lower Saxony -0.0608*** -0.0271%** -0.0255%** 0.0026
(0.0057) (0.0040) (0.0046) (0.0048)
Bremen 0.0375%** 0.0749%+* 0.0577H** 0.0575%**
(0.0189) (0.0075) (0.0049) (0.0055)
Hesse -0.0076 -0.0470%** -0.0477H%* -0.0355%**
(0.0072) (0.0045) (0.0049) (0.0049)
Rhineland- -0.0722%** -0.0548%** -0.0474%** 0.0297***
Palatinate (0.0078) (0.0043) (0.0050) (0.0052)
Baden- 0.0317%** 0.0422%** 0.0557%** 0.0646%**
Wuerttemberg ~ (0.0051) (0.0037) (0.0039) (0.0049)
Bavaria -0.0573*** -0.0538%** -0.0399*** -0.0240%**
(0.0045) (0.0039) (0.0039) (0.0046)
Saarland -0.0582%#* -0.0721%** -0.0643%** -0.0019
(0.0087) (0.0061) (0.0074) (0.0090)
Constant 4.6348*** 4.6585%** 4.6683%** 4.6855%**
(0.0150) (0.0146) (0.0102) (0.0129)
Observations 576,895 389,624 437,336 320,970

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the RIF-regressions for the 50th quantile. The observed years are 1996, 2010, 2012 and 2017.

Standard errors are given in parentheses. Sampling weights are employed.
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Table 2.B.10: RIF-regressions 85th quantile, 1996 2010 2012 2017

1996 2010 2012 2017
Age: 18-25 0.1309 0.1533%** 0.1564%** 0.1391°%**
(0.0106) (0.0089) (0.0107) (0.0099)
Age: 36-45 0.1239 0.1355%*** 0.1406*** 0.0914***
(0.0085) (0.0075) (0.0083) (0.0105)
Age: 46-55 0.2275 0.1785%** 0.1940%** 0.1518%**
(0.0101) (0.0081) (0.0095) (0.0121)
Age: > 56 0.2649 0.1902%*** 0.1939%** 0.1332%**
(0.0127) (0.0095) (0.0107) (0.0130)
Education: low  -0.1830*** -0.1191 -0.1187#%* -0.0882%**
(0.0046) (0.0038) (0.0049) (0.0055)
Education: high  0.9562%** 1.0164 1.0184%** 0.9216%**
(0.0146) (0.0095) (0.0109) (0.0115)
Tenure: 3-4  0.0530%** -0.0044*** -0.0022 -0.0059
years (0.0155) (0.0106) (0.0118) (0.0138)
Tenure: 5-8 0.1376%** 0.0658*** 0.0755%#* 0.0684***
years (0.0139) (0.0111) (0.0130) (0.0133)
Tenure: 9-16  0.2469*** 0.19027%*** 0.1943*** 0.1734%***
years (0.0148) (0.0126) (0.0145) (0.0150)
Tenure: > 17 0.2671%** 0.2219%** 0.2505%** 0.2529%**
years (0.0155) (0.0139) (0.0158) (0.0174)
Nationality -0.0759%*** -0.0885*#* -0.0863*** -0.0679***
(0.0058) (0.0049) (0.0066) (0.0065)
Automation -0.0706*** -0.0209 -0.1377H%* -0.1402%#*
threat: middle  (0.0166) (0.0124) (0.0112) (0.0188)
Automation -0.3492%#* -0.2708%#* -0.5368%+* -0.4575%+*
threat: high (0.0160) (0.0126) (0.0120) (0.0179)
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1996 2010 2012 2017
Firm level agree- 0.0060*** 0.0045%** 0.0194 0.0902%**
ment (0.0179) (0.0066) (0.0087) (0.0077)
Sector level 0.0079%*** 0.0454%%* 0.0673%** 0.0912%**
agreement (0.0161) (0.0057) (0.0061) (0.0065)
Plant size: 1-9 -0.1042%** -0.1108%** -0.1295%** -0.1155%**
employees (0.0264) (0.0220) (0.0210) (0.0360)
Plant size: 10-49 -0.1133*** -0.0923%** -0.1138%** -0.0643%**
employees (0.0130) (0.0086) (0.0097) (0.0131)
Plant size: 50- -0.0168*** -0.0526%** -0.0793*#* -0.0725%#*
199 employees  (0.0062) (0.0051) (0.0067) (0.0063)
Plant size: 1000- 0.0261*** 0.0771%** 0.1119%** 0.1179%**
4999 employees  (0.0032) (0.0039) (0.0046) (0.0053)
Plant size: > 0.1221%** 0.2125%** 0.2626*** 0.1862***
5000 employees  (0.0043) (0.0047) (0.0047) (0.0064)
Sector: Food -0.2853%** -0.1827%+* -0.32427%F* -0.343 74
and beverages (0.0194) (0.0108) (0.0123) (0.0138)
Sector: Textiles — -0.3253%*** -0.2836*** -0.484 5%+ -0.3932%#*

(0.0189) (0.0237) (0.0264) (0.0307)
Sector:  Wood, -0.0649*** -0.2411%** -0.4705%** -0.4698***
furniture  and (0.0124) (0.0106) (0.0125) (0.0204)
paper
Sector:  Plastic 0.0176* 0.0308%*** 0.0500%*** 0.0056
and  chemical (0.0098) (0.0064) (0.0086) (0.0081)
products
Sector: Electri- 0.0355%** 0.1485*** 0.0398*** 0.0017
cal products (0.0097) (0.0075) (0.0089) (0.0129)
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1996 2010 2012 2017
Sector:  Indus- -0.0219%** 0.0212%** -0.0178%+* -0.0197*#*
trial machinery  (0.0091) (0.0062) (0.0068) (0.0072)
Sector: Automo- 0.0775%%* 0.0294*** 0.0719%*** 0.0233***
tive and other (0.0070) (0.0053) (0.0061) (0.0075)
vehicles
Schleswig- -0.0851*** -0.0165 -0.0283** -0.0234
Holstein (0.0169) (0.0113) (0.0123) (0.0145)
Hamburg -0.0086 0.0186* 0.0525%*** -0.0801***
(0.0134) (0.0098) (0.0141) (0.0176)
Lower Saxony -0.0631%** -0.0124* 0.0008 -0.0334%%*
(0.0089) (0.0065) (0.0081) (0.0082)
Bremen 0.0214 0.0519%** -0.0440%** -0.0044
(0.0180) (0.0139) (0.0097) (0.0112)
Hesse 0.0045 -0.0313%%* -0.0214** 0.0129
(0.0137) (0.0072) (0.0085) (0.0083)
Rhineland- -0.1184%** -0.0664*** -0.0317%** -0.0189**
Palatinate (0.0123) (0.0066) (0.0082) (0.0090)
Baden- -0.0088 0.0319%** 0.0879%** 0.0679%**
Wuerttemberg  (0.0080) (0.0063) (0.0070) (0.0093)
Bavaria -0.0533*** -0.0383*** -0.0369*** -0.0815%**
(0.0064) (0.0058) (0.0065) (0.0081)
Saarland -0.0932%#* -0.0862*** -0.0415%** 0.0089
(0.0136) (0.0083) (0.0122) (0.0162)
Constant 5.0507%** 4.9485%** 5.1143%%* 5.1670%**
(0.0244) (0.0177) (0.0192) (0.0235)
Observations 576,895 389,624 437,336 320,970

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the RIF-regressions for the 85th quantile. The observed years are 1996, 2010, 2012 and 2017.

Standard errors are given in parentheses. Sampling weights are employed.
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Table 2.B.11: RIF-regressions Gini coefficient, 1996 2010 2012 2017

1996 2010 2012 2017
Age: 18-25 0.0591°%** 0.0779%** 0.0664*** 0.0502%**
(0.0010) (0.0021) (0.0018) (0.0020)
Age: 36-45 0.0306*** 0.0368%** 0.0371%*** 0.0227***
(0.0007) (0.0013) (0.0012) (0.0013)
Age: 46-55 0.0544%** 0.0589%** 0.0599%** 0.0424%**
(0.0008) (0.0015) (0.0014) (0.0015)
Age: > 56 0.0635*** 0.0628*** 0.0613*** 0.0489***
(0.0010) (0.0017) (0.0015) (0.0016)
Education: low  0.0059*** 0.0248%** 0.0278%** 0.0231%**
(0.0007) (0.0012) (0.0012) (0.0014)
Education: high — 0.2834*** 0.2996%** 0.2582%** 0.2298%**
(0.0008) (0.0011) (0.0009) (0.0010)
Tenure: 3-4  -0.0139%** -0.0326*** -0.0332%** -0.0325%**
years (0.0014) (0.0028) (0.0023) (0.0027)
Tenure: 5-8 -0.0134*** -0.0292%%* -0.0331°%%* -0.0538%**
years (0.0012) (0.0027) (0.0022) (0.0026)
Tenure: 9-16 0.0023 -0.0236%** -0.0251%** -0.0535%**
years (0.0012) (0.0028) (0.0023) (0.0027)
Tenure: > 17 -0.0099*** -0.0409%*** -0.0442%** -0.0520%**
years (0.0013) (0.0029) (0.0025) (0.0029)
Nationality -0.0051%*** -0.0095%** 0.0004 0.0074%**
(0.0007) (0.0012) (0.0011) (0.0012)
Automation -0.0145%** 0.0153%** -0.0158%** -0.0238%**
threat: middle  (0.0010) (0.0015) (0.0012) (0.0016)
Automation -0.0509%** -0.0195%#* -0.0648%+* -0.0631°%+*
threat: high (0.0009) (0.0015) (0.0014) (0.0017)
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1996 2010 2012 2017
Firm level agree- -0.0056*** -0.0322%#* -0.0225%** -0.0092%#*
ment (0.0011) (0.0012) (0.0011) (0.0014)
Sector level -0.0162%** -0.0211%%* -0.0228%*#* -0.0224 %+
agreement (0.0009) (0.0009) (0.0007) (0.0009)
Plant size: 1-9 0.0616%** 0.1097#+* 0.1128%** 0.0950%**
employees (0.0011) (0.0020) (0.0018) (0.0024)
Plant size: 10-49 0.0208%** 0.0348%*#* 0.0369*** 0.0334***
employees (0.0007) (0.0011) (0.0010) (0.0012)
Plant size: 50- 0.0101%** 0.0109%** 0.0087#** 0.0083%**
199 employees  (0.0006) (0.0009) (0.0008) (0.0010)
Plant size: 1000- 0.0011 0.0163*** 0.0205*** 0.0187***
4999 employees  (0.0007) (0.0010) (0.0009) (0.0011)
Plant size: > 0.0417%F* 0.0668%** .0639%*** 0.0306%**
5000 employees  (0.0009) (0.0014) (.0011) (0.0014)
Sector: Food -0.0066*** 0.0269*** 0.0125%** 0.0622***
and beverages (0.0013) (0.0016) (0.0014) (0.0016)
Sector: Textiles — -0.0119%*** 0.0303%** -0.0023 0.04367%**

(0.0015) (0.0032) (0.0030) (0.0043)
Sector:  Wood, -0.0153*** -0.0111%** -0.0395%** -0.0464***
furniture  and  (0.0009) (0.0015) (0.0016) (0.0022)
paper
Sector:  Plastic  0.0007 0.0049%*** 0.0102%** 0.0121***
and  chemical (0.0008) (0.0011) (0.0010) (0.0013)
products
Sector: Electri- -0.0020** 0.0311%%* -0.0021* -0.0031**
cal products (0.0009) (0.0011) (0.0011) (0.0014)
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1996 2010 2012 2017
Sector:  Indus- -0.0191%*** -0.0228*** -0.0266*** -0.0289%*#*
trial machinery  (0.0007) (0.0011) (0.0009) (0.0012)
Sector: Automo- 0.0039*** -0.0094 0.0093%** 0.0056%**
tive and other (0.0009) (0.0012) (0.0011) (0.0014)
vehicles
Schleswig- 0.0169*** 0.0128%*** 0.0071*** -0.0062**
Holstein (0.0016) (0.0022) (0.0022) (0.0028)
Hamburg -0.0026*** -0.0124%** -0.0002 -0.0394*#*
(0.0016) (0.0020) (0.0017) (0.0022)
Lower Saxony 0.0049%** 0.0142%** 0.0184%** -0.00517%%*
(0.0008) (0.0012) (0.0011) (0.0013)
Bremen 0.0081*** -0.0002 -0.0231%+* -0.0029
(0.0021) (0.0046) (0.0030) (0.0040)
Hesse 0.0045%** 0.0149%** 0.0122%** 0.0253%**
(0.0009) (0.0014) (0.0012) (0.0014)
Rhineland- -0.0069*** -0.0057%** 0.0052%*** -0.0125%#*
Palatinate (0.0011) (0.0015) (0.0014) (0.0015)
Baden- 0.0019%** 0.0043%** 0.0106%** 0.0122%**
Wuerttemberg  (0.0007) (0.0009) (0.0009) (0.0011)
Bavaria 0.0017** 0.0094*** 0.0032*** -0.0168***
(0.0007) (0.0009) (0.0009) (0.0010)
Saarland -0.0241%+** -0.0004 0.0215%** 0.0187***
(0.0017) (0.0025) (0.0031) (0.0037)
Constant 0.1918%** 0.1895%** 0.2317%** 0.2634
(0.0018) (0.0033) (0.0028) (0.0034)
Observations 576,895 389,624 437,336 320,970

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the RIF-regressions for the Gini coefficients. The observed years are 1996, 2010, 2012 and 2017.

Standard errors are given in parentheses. Sampling weights are employed.
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Table 2.B.12: RIF-regressions variance, 1996 2010 2012 2017

1996 2010 2012 2017
Age: 18-25 0.0567*** 0.0818%** 0.0709%** 0.0488***
(0.0013) (0.0029) (0.0025) (0.0029)
Age: 36-45 0.0306*** 0.0566%** 0.0517#** 0.0349%**
(0.0008) (0.0018) (0.0017) (0.0019)
Age: 46-55 0.0573%** 0.0854%** 0.0829%** 0617HF*
(0.0010) (0.0020) (0.0019) (.0022)
Age: > 56 0.0684*** 0.0923%+* 0.0851#** 0.0699***
(0.0012) (0.0023) (0.0021) (0.0024)
Education: low  0.0134*** 0.0360%** 0.0440%** 0.0354%**
(0.0009) (0.0017) (0.0017) (0.0020)
Education: high — 0.2951%** 0.3686%** 0.3163%** 0.2890%**
(0.0010) (0.0014) (0.0013) (0.0014)
Tenure: 3-4  -0.0394%** -0.0883*** -0.0877H** -0.08617***
years (0.0017) (0.0039) (0.0032) (0.0038)
Tenure: 5-8 -0.0422%** 0.09071*** -0.0976%** -0.1346%**
years (0.0015) (0.0039) (0.0031) (0.0037)
Tenure: 9-16  -0.0222%** -0.1051%** -0.1015%** -0.1393%**
years (0.0015) (0.0040) (0.0033) (0.0038)
Tenure: > 17 -0.0326%** -0.1319%%* -0.1295%%* -0.1415%%*
years (0.0016) (0.0042) (0.0035) (0.0041)
Nationality -0.0109%*** -0.0159%** 0.0001 0.0133%**
(0.0009) (0.0017) (0.0015) (0.0017)
Automation -0.0254 %+ 0.0191°%+* -0.0201*#* -0.0254 %+
threat: middle  (0.0012) (0.0020) (0.0018) (0.0023)
Automation -0.0654*** -0.0360%** -0.0929%** -0.0868***
threat: high (0.0012) (0.0021) (0.0019) (0.0025)
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1996 2010 2012 2017
Firm level agree- -0.0297*** -0.0432%** -0.0346%+* -0.0144%%*
ment (0.0013) (0.0017) (0.0016) (0.0019)
Sector level -0.0428%** -0.0295%#* -0.034 74 -0.0318%*#*
agreement (0.0011) (0.0012) (0.0011) (0.0013)
Plant size: 1-9 0.0716%** 0.2133*** 0.1967*** 0.1528%**
employees (0.0013) (0.0028) (0.0026) (0.0034)
Plant size: 10-49 0.0183*** 0.0431%** 0.0477*** 0.0430***
employees (0.0009) (0.0016) (0.0014) (0.0017)
Plant size: 50- 0.0037%** 0.0144%*** 0.0124%%* 0.0098***
199 employees  (0.0007) (0.0013) (0.0012) (0.0014)
Plant size: 1000- -0.0008 0.0281*** 0.0339*** 0.0339***
4999 employees  (0.0008) (0.0014) (0.0013) (0.0016)
Plant size: > 0.0469*** 0.0936*** 0.0977*** 0.0617***
5000 employees  (0.0011) (0.0020) (0.0017) (0.0020)
Sector: Food 0.0090*** 0.0504*** 0.0292%** 0.0797***
and beverages (0.0016) (0.0022) (0.0020) (0.0023)
Sector: Textiles —-0.0170%*** 0.0503%+* 0.0140%** 0.07647%**

(0.0018) (0.0046) (0.0042) (0.0061)
Sector:  Wood, -0.0181*** -0.0154%#* -0.0573%#* -0.0639***
furniture  and (0.0011) (0.0022) (0.0022) (0.0032)
paper
Sector:  Plastic -0.0034*** 0.0134%*** 0.0145%*** 0.0167***
and  chemical (0.0009) (0.0016) (0.0015) (0.0019)
products
Sector: Electri- -0.0028*** 0.0439*** 0.0045*** -0.0045**
cal products (0.0010) (0.0016) (0.0016) (0.0020)
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1996 2010 2012 2017
Sector:  Indus- -0.0146%*** -0.0236%+* -0.0300%** -0.0318%*#*
trial machinery  (0.0009) (0.0015) (0.0013) (0.0016)
Sector: Automo- 0.0067*** 0.0006 0.0198*** 0.0141%**
tive and other (0.0010) (0.0017) (0.0016) (0.0020)
vehicles
Schleswig- 0.0118%*** 0.0262*** 0.0203*** -0.0113%**
Holstein (0.0019) (0.0031) (0.0032) (0.0039)
Hamburg -0.0037* -0.0044 0.0139%** -0.0328%*#*
(0.0019) (0.0028) (0.0024) (0.0031)
Lower Saxony 0.0048%** 0.0187*** 0.0182%** -0.0112%%*
(0.0009) (0.0017) (0.0016) (0.0019)
Bremen 0.0138*** 0.0102%*** -0.0286*** 0.0037
(0.0026) (0.0065) (0.0043) (0.0057)
Hesse 0.0228%** 0.0171%** 0.0119%** 0.0265%**
(0.0010) (0.0020) (0.0017) (0.0020)
Rhineland- -0.0121%** -0.0103*** 0.0015 -0.0192%**
Palatinate (0.0013) (0.0021) (0.0020) (0.0022)
Baden- 0.0067*** 0.0113%** 0.0151%** 0.0196***
Wuerttemberg  (0.0008) (0.0013) (0.0013) (0.0015)
Bavaria 0.0005 0.0108*** 0.0021 0.0256***
(0.0008) (0.0013) (0.0012) (0.0014)
Saarland -0.0299%*#* -0.0059 0.0218%** 0.0208%**
(0.0021) (0.0036) (0.0044) (0.0053)
Constant 0.1681%** 0.1757%** 0.2318%** 0.2696***
(0.0022) (0.0046) (0.0039) (0.0047)
Observations 576,895 389,624 437,336 320,970

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the RIF-regressions for the log variance. The observed years are 1996, 2010, 2012 and 2017.

Standard errors are given in parentheses. Sampling weights are employed.
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Table 2.B.13: Decomposition of the variance, 1996-2010 and 2012-2017

1996-2010 2012-2017
Coefficient Standard Deviation Coefficient Standard Deviation

Total change 5.58*** (0.18) —0.19 (0.17)
Pure composition effect

Age 0.75%* (0.06) —0.01 (0.03)
Education 1.67 (0.09) 0.387 (0.06)
Tenure —0.04 (0.07) —0.09** (0.02)
Nationality 0.03 (0.02) 0.00 (0.00)
Automation threat 0.17* (0.04) 0.33"* (0.03)
Collective bargaining 0.94* (0.22) —0.03" (0.01)
Plant size —0.24% (0.05) 0.34%** (0.05)
Region —0.07** (0.03) ~0.03 (0.02)
Sector 0.08** (0.03) 0.16%* (0.03)
Total 3.7 (0.23) 1.067 (0.08)
Specification error —0.47** (0.14) —0.17* (0.02)
Pure wage structure effect

Age 2.55%* (0.70) —2.12% (0.52)
Education 1.52%** (0.18) —0.55" (0.11)
Tenure —8.56™** (2.78) —1.26 (1.59)
Nationality —0.05 (0.06) 0.10* (0.06)
Automation threat 3.82** (1.81) —1.96*** (0.68)
Collective bargaining —0.39 (0.47) 0.97* (0.33)
Plant size 1.99%* (0.24) —0.48"* (0.18)
Region —0.70" (0.38) —1.36% (0.39)
Sector 1.22% (0.59) 0.06 (0.39)
Constant 1.78 (3.55) 5.64"* (1.93)
Total 317 (0.23) —0.96" (0.15)
Reweighting error —0.39** (0.06) —0.12% (0.02)

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the results of the RIF-regressions based OB decomposition approach based on log daily wages.
The sample is restricted to male full-time workers in the manufacturing sector between 18 and 65 years, who earned more
than 10 euros per day and work in West Germany. All coefficients above are multiplied by 100 for convenience. *** **
and * indicate statistical significance at the 1, 5, and 10 percent level, respectively. Bootstrapped standard errors with 100
replications are presented in parentheses. Sampling weights are employed.
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Table 2.B.14: Decomposition results using the probability of computerisation by Frey and Osborne (2017), 1996-2010

Inequality measure 85-15 Gini coefficient 50-15 85-50 variance
Coefficient  Std Dev. Coeflicient  Std. Dev. Coefficient  Std. Dev. Coefficient  Std. Dev. Coefficient Std. Dev.
Total change 10.67** (0.37) 4.24* (0.10) 7110 (0.28) 3.56%** (0.26) 5.58%* (0.19)
Pure composition effect
Age 4.03*** (0.23) 0.72% (0.05) 1.10%* (0.15) 2.93*** (0.17) 0.78** (0.07)
Education 5.59** (0.35) 1.56%** (0.09) 1.23** (0.07) 4.36%* (0.31) 1.60%** (0.10)
Tenure —0.37* (0.22) —0.03 (0.05) —0.11 (0.17) —0.26™ (0.18) —0.04 (0.07)
Nationality 0.13*** (0.03) 0.02 (0.00) 0.07** (0.02) 0.07** (0.02) 0.04*** (0.01)
Automation threat 0.13** (0.06) 0.01 (0.01) 0.22%** (0.04) —0.09* (0.05) 0.03 (0.05)
Collective bargaining 1.28" (0.54) 0.45% (0.11) 0.68* (0.37) 0.60 (0.38) 1.05%* (0.21)
Plant size —0.57* (0.09) —0.21"* (0.02) —0.49"* (0.07) —0.08 (0.05) —0.24* (0.04)
Region —0.19** (0.07) —0.02 (0.02) 0.00 (0.06) —0.19*** (0.05) —0.06** (0.03)
Sector 0.05 (0.10) 0.08*** (0.02) —0.11* (0.06) 0.17** (0.08) 0.09** (0.04)
Total 10.09*** (0.80) 2.58** (0.14) 2.59% (0.40) 7.50%* (0.60) 3.23%* (0.29)
Specification error —0.58 (0.60) —0.50** (0.08) 1.10%* (0.42) —1.68" (0.56) —0.44* (0.13)
Pure wage structure effect
Age 4.66*** (1.69) 1.66*** (0.38) —1.22 (1.34) 5.88%** (1.33) 2,75 (0.66)
Education 1.87* (0.59) 1.03** (0.12) —0.91%* (0.19) 2.79%* (0.59) 1.52% (0.17)
Tenure —13.83*** (5.01) —2.67* (1.10) —13.31"* (4.33) —0.52 (2.39) —8.39*** (2.70)
Nationality —0.43"* (0.15) —0.05* (0.03) —0.05 (0.13) —0.39* (0.12) —0.04 (0.06)
Automation threat 1.31 (1.63) 0.22 (0.29) 4.93** (1.36) —3.63* (1.54) 0.54 (0.43)
Collective bargaining —6.55"* (1.11) —1.12% (0.25) —4.66** (0.93) —1.89* (1.02) 0.06 (0.52)
Plant size 2.61%* (0.70) 0.40* (0.18) 3.08*** (0.62) —0.47 (0.64) 1,77 (0.28)
Region —1.01 (0.86) —0.26 (0.22) —0.90 (0.81) -0.12 (0.59) —0.77 (0.37)
Sector 3.48*** (1.26) 0.17 (0.24) 3.58%** (1.06) —0.10 (0.88) 0.71 (0.49)
Constant 10.09* (5.92) 3.00%* (1.40) 13.11** (4.60) -3.03 (3.53) 4.93 (3.10)
Total 2.19** (0.64) 237 (0.18) 3.65% (0.47) —1.45% (0.55) 3.09*** (0.29)
Reweighting error —1.04** (0.17) —0.21** (0.05) —0.23** (0.11) —0.81" (0.11) —0.30"** (0.06)

Source: LTAB QM2 9317, International Federation of Robotics (2018) and Frey and Osborne (2017), own calculations.
Notes: The table presents the results of the RIF-regressions based OB decomposition approach using the probability of computerisation by Frey and Osborne (2017) based on

log daily wages (85-15, 50-15, 85-50, variance) and daily wages (Gini coefficient). The sample is restricted to male full-time workers in the manufacturing sector between 18 and
65 years, who earned more than 10 euros per day and work in West Germany. All coefficients above are multiplied by 100 for convenience.
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Table 2.B.15: Decomposition results using the probability of computerisation by Frey and Osborne (2017), 2012-2017

Inequality measure 85-15 Gini coefficient 50-15 85-50 variance
Coefficient  Std Dev. Coeflicient  Std. Dev. Coefficient  Std. Dev. Coefficient  Std. Dev. Coefficient Std. Dev.
Total change 217 (0.57) —0.31** (0.10) 4.65%* (0.48) —2.48"* (0.36) —0.19*** (0.15)
Pure composition effect
Age —0.01 (0.09) 0.00 (0.02) —0.02 (0.04) 0.01 (0.06) 0.02 (0.03)
Education 1.29*** (0.22) 0.33* (0.06) 0.24** (0.04) 1.05%* (0.18) 0.40*** (0.10)
Tenure —0.18** (0.04) —0.04*** (0.01) —0.13"* (0.03) —0.05* (0.02) —0.09"** (0.02)
Nationality 0.02** (0.01) 0.00 (0.00) 0.01* (0.00) 0.01 (0.01) 0.00 (0.00)
Automation threat 0.06 (0.20) 0.00*** (0.00) 0.05 (0.03) 0.01 (0.01) 0.01 (0.01)
Collective bargaining —0.11* (0.04) —0.02** (0.01) —0.09"* (0.03) —0.02* (0.01) —0.03"* (0.01)
Plant size 0.71 (0.13) 0.23** (0.03) 0.48*** (0.09) 0.23** (0.07) 0.34*** (0.05)
Region —0.07 (0.06) —0.00 (0.01) —0.09** (0.04) 0.02 (0.04) —0.02*** (0.03)
Sector 0.05 (0.07) 0.04** (0.02) 0.62 (0.06) —0.57" (0.05) 0.11% (0.03)
Total 1.75%* (0.29) 0.54** (0.07) 1.05%* (0.16) 0.70%* (0.20) 0.73** (0.10)
Specification error 1.47 (0.16) —0.07** (0.01) 0.00 (0.10) 1.47* (0.13) —0.08" (0.02)
Pure wage structure effect
Age —6.88"** (1.65) —1.40** (0.32) —1.08 (1.37) —5.80"* (1.04) —2.06™* (0.62)
Education —3.90"** (0.59) —0.42%* (0.06) 0.33* (0.18) —4.24* (0.57) —0.56"** (0.19)
Tenure —11.53*** (4.24) —2.13* (0.90) —4.72 (3.44) —6.82*** (2.14) —1.62 (1.97)
Nationality 0.54** (0.16) 0.06* (0.03) 0.38 (0.14) 0.16*** (0.10) 0.11 (0.16)
Automation threat 3.87 (2.09) —0.13 (0.38) 4.33** (1.13) —0.46 (1.64) —0.22 (0.57)
Collective bargaining 1.83* (0.94) 0.42* (0.18) 1.88** (0.77) —0.05 (0.66) 0.96 (0.29)
Plant size —1.58** (0.57) —0.35"** (0.12) —1.22% (0.48) —0.36 (0.36) —0.52%** (0.20)
Region -3.31 (0.92) —0.78 (0.19) —1.16 (0.57) —2.16" (0.72) —1.23" (0.36)
Sector 4.33** (1.08) 0.84** (0.22) 2.15% (0.77) 2.18% (0.79) 0.82** (0.40)
Constant 16.08**  (4.97) 321 (1.04) 2.75 (3.58) 13.33 (3.04) 3.58* (2.12)
Total —0.57 (0.51) —0.69 (0.09) 3.64* (0.40) —4.21* (0.28) —0.76"** (0.14)
Reweighting error —0.48** (0.06) —0.09*** (0.01) —0.04** (0.02) —0.44 (0.05) —0.09"** (0.02)

Source: LTAB QM2 9317, International Federation of Robotics (2018) and Frey and Osborne (2017), own calculations.
Notes: The table presents the results of the RIF-regressions based OB decomposition approach using the probability of computerisation by Frey and Osborne (2017) based on

log daily wages (85-15, 50-15, 85-50, variance) and daily wages (Gini coefficient). The sample is restricted to male full-time workers in the manufacturing sector between 18 and
65 years, who earned more than 10 euros per day and work in West Germany. All coefficients above are multiplied by 100 for convenience.
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Table 2.B.16: Decomposition results without the automotive and other vehicles sector, 1996-2010
Inequality measure 85-15 Gini coefficient 50-15 85-50 variance
Coefficient Std Dev. Coefficient Std. Dev. Coefficient Std. Dev. Coefficient Std. Dev. Coefficient Std. Dev.
Total change 12.04* (0.50) 4.56™* (0.13) 7.35% (0.33) 4.69%* (0.36) 5.83"** (0.24) %
Pure composition effect %
Age 3.56"* (0.25) 0.69*** (0.06) 0.91%* (0.18) 2.647** (0.17) 0.72%** (0.07) g
Education 4.96** (0.32) 1.55™ (0.10) 1.15™ (0.09) 3.81% (0.27) 1.57* (0.10) jmy)
Tenure —0.41 (0.26) —0.02 (0.06) —0.05 (0.21) —0.37 (0.17) —0.02 (0.08) N}
Nationality 0.04 (0.03) 0.00 (0.01) 0.05** (0.02) -0.01 (0.02) 0.02 (0.02)
Automation threat 174" (0.20) 0.33"* (0.04) 0.39** (0.06) 1.34™ (0.16) 0.32%** (0.05) =
Collective bargaining 0.96* (0.55) 0.34*** (0.13) 0.69* (0.40) 0.27 (0.38) 0.94** (0.21) S
Plant size —0.42%* (0.11) —0.15%* (0.04) —0.24* (0.08) —0.18* (0.08) —0.16"* (0.05) @)
Region —0.10 (0.08) —0.02 (0.02) 0.00 (0.06) —0.10 (0.07) —0.08** (0.03) g
Sector 0.80*** (0.11) 0.19*** (0.02) —0.09 (0.07) 0.89*** (0.10) 0.16*** (0.03) E
Total 11.12% (0.83) 2.90"* (0.18) 2.81% (0.54) 8.30"** (0.63) 3.48** (0.24) D =
Specification error —0.77 (0.66) —0.57** (0.11) 0.91* (0.46) —1.68"* (0.59) —0.44* (0.14) Eg %
Pure wage structure effect § my)
Age 5.07** (2.45) 1.42% (0.54) 0.03 (1.75) 5.04*** (1.64) 2.36™ (0.83) =z %
Education 1.93** (0.59) 1.16% (0.13) —0.62"** (0.20) 2.55" (0.57) 1.59*** (0.19) ’.< Q
Tenure —16.37** (5.67) —2.46* (1.28) —17.57* (4.72) 1.20 (2.49) —7.75** (3.13) = %
Nationality —0.67** (0.20) —0.11*** (0.04) —0.04 (0.16) —0.63"* (0.13) —0.10 (0.08) ) P
Automation threat 3.68 (2.28) 1.84** (0.81) 7.46%* (1.68) —3.78* (1.82) 3.00 (1.85) &3] =
Collective bargaining —6.44* (1.11) —1.00%** (0.26) —3.84% (0.80) —2.61" (1.04) 0.25 (0.44) 8 -]
Plant size 2.70% (0.84) 0.58"** (0.21) 3.31% (0.62) —0.61 (0.70) 1.93** (0.33) : %
Region —0.65 (1.05) 0.05 (0.23) —1.11 (0.88) 0.46 (0.72) —0.45 (0.38) ~ N
Sector 4.90** (1.28) 0.91* (0.34) 2.63"* (1.00) 2.27 (1.05) 1.34% (0.70) 8 %
Constant 9.14 (6.19) 0.18 (1.51) 14.10** (4.78) -4.96 (3.44) 1.11 (3.60) =~
Total 3.27* (0.70) 2.57 (0.19) 4.347 (0.48) —1.07 (0.56) 3.28** (0.29) E =z
Reweighting error —1.57* (0.20) —0.35** (0.05) —0.71* (0.13) —0.86™** (0.13) —0.49** (0.06) CZD g
Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations. D :E
Notes: The table presents the results of the RIF-regressions based OB decomposition approach without the automotive and other vehicles sector based on log daily wages =z =
(85-15, 50-15, 85-50, variance) and daily wages (Gini coefficient). The sample is restricted to male full-time workers in the manufacturing sector between 18 and 65 years, who o
earned more than 10 euros per day and work in West Germany. All coefficients above are multiplied by 100 for convenience. *** ** and * indicate statistical significance at the =~
1, 5, and 10 percent level, respectively. Bootstrapped standard errors with 100 replications are presented in parentheses. Sampling weights are employed. Efi i
=
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Table 2.B.17: Decomposition results without the automotive and other vehicles sector, 2012-2017

Inequality measure 85-15 Gini coefficient 50-15 85-50 variance
Coefficient  Std Dev. Coeflicient  Std. Dev. Coefficient  Std. Dev. Coefficient  Std. Dev. Coefficient Std. Dev.
Total change 3.41 (0.60) 0.03 (0.12) 2.96*** (0.50) 0.44 (0.40) —0.05 (0.20)
Pure composition effect
Age —0.07 (0.09) 0.00 (0.02) —0.04 (0.04) —0.03 (0.07) 0.01 (0.03)
Education 0.67** (0.18) 0.20* (0.06) 0.09*** (0.03) 0.59** (0.15) 0.23** (0.07)
Tenure —0.12%* (0.04) —0.03*** (0.01) —0.08"* (0.04) —0.04* (0.02) —0.06"** (0.02)
Nationality 0.00 (0.01) 0.00 (0.00) 0.00 (0.01) 0.00 (0.00) 0.00 (0.00)
Automation threat 3.98*** (0.22) 0.70* (0.03) 1.07* (0.08) 291 (0.17) 0.93** (0.05)
Collective bargaining 0.24*** (0.04) 0.05* (0.01) 0.22%* (0.04) 0.02 (0.02) 0.07** (0.01)
Plant size —0.97** (0.12) —0.26"* (0.03) —0.75"* (0.09) —0.22" (0.04) —0.37* (0.05)
Region —0.05 (0.08) —0.03 (0.02) -0.05 (0.06) 0.00 (0.06) —0.05* (0.03)
Sector —0.64"* (0.11) —0.12%* (0.02) 0.19** (0.07) —0.84* (0.10) —0.11% (0.03)
Total 3.04 (0.32) 0.50*** (0.07) 0.65** (0.17) 2.40%** (0.23) 0.64** (0.10)
Specification error 1.16™ (0.50) —0.04** (0.01) 0.11 (0.07) 1.05** (0.49) —0.03 (0.02)
Pure wage structure effect
Age —6.36™** (2.20) —1.06*** (0.34) —0.57 (1.65) —b5.79"* (1.34) —1.38* (0.65)
Tenure —8.16* (4.97) —1.23 (1.02) 0.45 (3.67) —8.61" (2.69) 0.55 (2.17)
Nationality 0.37 (0.23) 0.00 (0.04) 0.43** (0.18) —0.06 (0.12) 0.02 (0.07)
Education —3.79" (0.56) —0.37** (0.07) 0.29 (0.20) —4.08"* (0.53) —0.41" (0.13)
Collective bargaining 1.53* (0.90) 0.42% (0.14) 2.45% (0.74) —0.91 (0.57) 0.85%* (0.27)
Automation threat 5.48** (2.67) —1.99** (0.50) 4.92%+ (1.89) 0.56 (2.15) —1.78"* (0.68)
Plant size 1.13* (0.68) —0.05 (0.13) —1.11* (0.50) 2.24%* (0.48) —0.16 (0.21)
Region —2.92%* (1.01) —0.45** (0.19) —0.42 (0.69) —2.50" (0.84) —0.75* (0.36)
Sector 2.39** (1.05) —0.35* (0.19) 0.58 (0.79) 1.81* (0.91) —0.48 (0.32)
Constant 10.19 (6.14) 476" (1.24) —4.63 (4.41) 14.82* (3.76) 3.01 (2.44)
Total —0.14 (0.82) —0.33"* (0.11) 2.38%** (0.46) —2.52% (0.70) —0.53"* (0.17)
Reweighting error —0.65** (0.08) —0.10"* (0.02) —0.17* (0.03) —0.48"* (0.06) —0.13"* (0.02)

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Notes: The table presents the results of the RIF-regressions based OB decomposition approach without the automotive and other vehicles sector based on log daily wages

(85-15, 50-15, 85-50, variance) and daily wages (Gini coefficient). The sample is restricted to male full-time workers in the manufacturing sector between 18 and 65 years, who
earned more than 10 euros per day and work in West Germany. All coefficients above are multiplied by 100 for convenience. *** ** and * indicate statistical significance at the

1, 5, and 10 percent level, respectively. Bootstrapped standard errors with 100 replications are presented in parentheses. Sampling weights are employed.

NI ALITVAOANI AOVM ANV SLOGOY ‘NOILLVINOLAY ¢ H4LdVHO

SISATVNV NOILLISOdINODHA V - ANVINHHO



CHAPTER 2. AUTOMATION, ROBOTS AND WAGE INEQUALITY IN
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Figure 2.C.1: Automation threat in Germany across sectors in the manufacturing industry
from 1996 to 2017

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Note: The figure presents the evolution of the automation threat variable across sectors in the German manufacturing
industry. In the case of the automotive and other vehicles sector the development is right-hand scaled. Sampling weights
are employed.
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Figure 2.C.2: Actual and counterfactual differences, 1996-2010

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Note: The figure presents the comparison between the actual and counterfactual differences between 1996 and 2010.
Counterfactual weights are estimated using multinomial logit estimations, see Appendix 2.A. Sampling weights are employed.
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Figure 2.C.3: Actual and counterfactual 85-15 percentile wage gap and Gini coefficient
from 1996 to 2010

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Note: Panel (a) (Panel (b)) of the figure presents the evolution of the actual 85-15 percentile wage gap (Gini coeflicient
estimations) as well as the counterfactual 85-15 percentile wage gap (Gini coefficient estimations) that would have prevailed
if automation and robotization had remained at the level of 1996. Counterfactual weights are estimated using multinomial
logit estimations, see Appendix 2.A. Sampling weights are employed.
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Figure 2.C.4: Actual and counterfactual 50-15 and 85-50 percentile wage gap from 1996
to 2010

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Note: Panel (a) (Panel (b)) of the figure presents the evolution of the actual 50-15 (85-50) percentile wage gap as well as the
counterfactual 50-15 (85-50) percentile wage gap that would have prevailed if automation and robotization had remained
at the level of 1996. Counterfactual weights are estimated using multinomial logit estimations, see Appendix 2.A. Sampling
weights are employed.
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Figure 2.C.5: Actual and counterfactual wage distributions, 2012-2017

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Note: The figure presents the actual wage distributions in 2012 and 2017 as well as the counterfactual wage distribution
that would have prevailed if automation and robotization had remained at the level of 2012. Counterfactual weights are
estimated using multinomial logit estimations, see Appendix 2.A. Sampling weights are employed.
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Figure 2.C.6: Actual and counterfactual differences, 2012-2017

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Note: The figure presents the comparison between the actual and counterfactual differences between 2012 and 2017.
Counterfactual weights are estimated using multinomial logit estimations, see Appendix 2.A. Sampling weights are employed.
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Figure 2.C.7: Actual and counterfactual 85-15 percentile wage gap and Gini coefficient
from 2012 to 2017

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Note: Panel (a) (Panel (b)) of the figure presents the evolution of the actual 85-15 percentile wage gap (Gini coeflicient
estimations) as well as the counterfactual 85-15 percentile wage gap (Gini coefficient estimations) that would have prevailed
if automation and robotization had remained at the level of 2012. Counterfactual weights are estimated using multinomial
logit estimations, see Appendix 2.A. Sampling weights are employed.
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Figure 2.C.8: Actual and counterfactual 50-15 and 85-50 percentile wage gap from 2012
to 2017

Source: LIAB QM2 9317, International Federation of Robotics (2018) and Dengler and Matthes (2015), own calculations.
Note: Panel (a) (Panel (b)) of the figure presents the evolution of the actual 50-15 (85-50) percentile wage gap as well as the
counterfactual 50-15 (85-50) percentile wage gap that would have prevailed if automation and robotization had remained
at the level of 2012. Counterfactual weights are estimated using multinomial logit estimations, see Appendix 2.A. Sampling
weights are employed.
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Chapter 3

Migration and Wage Inequality: A
Detailed Analysis for German
Metropolitan and Non-Metropolitan

Regions

3.1 Introduction

After 2015, Germany was the second largest single destination country for international
migrants among OECD countries behind the United States (OECD, 2019). In this context,
the Eastern enlargement of the EU, the financial crisis in 2008/09 and the 2015 refugee
crisis play decisive roles for migration flows to Germany. At the same time, Germany is
confronted with growing labour shortages in high- and medium-skilled occupations due to
its shrinking working-age population. Managed labour migration is therefore an additional
factor of increasing foreign workforce in order to match labour demands (OECD, 2018).
Depending on the area of settlement, foreign workers are confronted with regional-specific
labour market conditions. In the presence of urban-rural wage gaps (Brixy et al., 2022) and
higher shares of foreign population in German metropolitan areas (Glitz, 2014; Schaffner
and Treude, 2014), it is of special interest to analyse wage differentials between German
and Non-German workers within a regional context of metropolitan and non-metropolitan
areas. The extent of immigrant-native wage gaps provides insights on how well foreign

workers are integrated into the labour market and society. Thus, analysing overall wage
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gaps between German and Non-German workers but also possible differences depending
on the area of work, is of particular importance and make Germany to a special case.
Detailed analyses of driving factors and developments of wage differentials over time as
well as in different regions are thus of high relevance for decisions in immigration and
labour market policies (Brunow and Jost, 2022; Ingwersen and Thomsen, 2021).

This paper adds to current literature evidence on developments of wage differentials
between German and Non-German workers with a special focus on regional differences
between German metropolitan and non-metropolitan areas. It further contributes not
only new findings for the years after the beginning of the refugee crisis in 2014/15, but
also reveals estimation results for several points in time. Therefore, it is identified how the
impact of various explanatory factors on wage differentials evolves over time. Additionally,
until now not considered possible effects resulting from changes in the share of foreign
population are observed.

Using administrative linked-employer-employee data provided by the Research Data
Centre of the German Institute for Employment Research (IAB) full-time employed work-
ers according to their nationality are subject of analyses from 2000 to 2019. Considering a
rich set of individual-, firm- and regional-specific explanatory factors, this study is based
on estimating unconditional partial effects in the framework of the recentered influence
functions (RIF) regressions approach introduced by Firpo et al. (2018). This approach al-
lows detailed estimations along the entire wage distribution, considering disparities away
from mean wages. On the basis of this estimation strategy, aggregate and detailed decom-
positions are estimated applying the RIF-regressions based Oaxaca-Blinder decomposition
(Fortin et al., 2011).

Descriptive analyses regarding raw wage gaps between German and Non-German work-
ers provide evidence that there are not only significant differences in wage distributions
but also growing differentials around median wages after 2012. Another important con-
tribution of this paper is the presentation of regional-specific variation in the magnitude
of wage gaps. On average, higher immigrant-native wage differentials are estimated in
large cities and metropolitan areas. At the same time, tendencies of ethnic clustering in

these areas are identified.
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Applying detailed decomposition analyses, this study provides insights in the driving
factors behind overall wage gaps in Germany as well as separately for metropolitan and
non-metropolitan areas. With a focus on the part of wage gaps that is explainable by
differences in the observable characteristics between German and Non-German workers,
the study provides insights on the driving factors behind the endowment effect. There is
not only evidence for changes in the relative importance of specific factors over time, but
also sources of possible wage disadvantages of foreign workers shift between different parts
of the wage distribution. This can be seen by a shrinking relative effect due to differences
in educational attainment independent of the location at the wage distribution. Further,
wage gaps at the lower half of the distribution are explained to large parts by differences
in the sector of employment. Despite the fact that the analysis covers only full-time
working employees, it seems that there is a certain allocation to lower paid economic
sectors for Non-German workers. In contrast to this, at the upper half of the distribution
wage gaps mainly occur due to differences in exercised occupations. Differences in the
regional presence of the foreign population mainly impact wage gaps of the lower half
of the distribution. Based on these analyses, regional-specific decomposition analyses
in metropolitan and non-metropolitan areas contribute evidence on varying impact of
characteristics explaining wage gaps. In particular, differences in educational levels play
a crucial part in explaining higher wage gaps in urban areas.

The remainder of this paper proceeds as follows: Section 3.2 provides an overview
on related literature. In Section 3.3, the used data set is described and corresponding to
that, general trends in migration and regional differences in Germany as well as descriptive
statistics are presented in Section 3.4. Further, in Section 3.5 the empirical approaches
are specified and finally, the empirical results are presented in Section 3.6. Discussion and

conclusion of the estimated findings are provided in Section 3.7.

3.2 Related Literature

General literature on immigrant-native wage differentials. Due to recent mi-

gration developments, studies analysing wage differentials between immigrant and native-
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born workers attracted special interest during the last years. Lehmer and Ludsteck (2011)
cover the time span from 1995 to 2006 and analyse wage differentials of workers from dif-
ferent East as well as West European countries compared to German workers. On the
basis of the Oaxaca-Blinder decomposition and employment register data they find that
overall wage differentials vary considerably between different countries of origin with at
the same time significant heterogeneity within nationality groups. Further, coefficient
effects ranging between 4 and 17 percent are identified, that indicate ,pure wage dis-
crimination. Using matched employer-employee data, Bartolucci (2014) reveals wage
differentials between 12.8 and 16.8 percent for 1996 to 2005 in West Germany. Ohlert
et al. (2016) provide evidence on establishment specific wage differentials between immi-
grant and German workers between 2000 and 2010 and show that wage gaps decrease
in establishments covered by collective bargaining agreements. Further, differentials are
mainly attributable to the factors education and work experience. The analyses done by
Aldashev et al. (2012) provide information on the immigrant-native wage gap in Germany
between 1992 and 2009 based on the German Socio-Economic Panel (SOEP) data. They
reveal that educational attainment in Germany considerably reduces the unexplained
effect, indicating inferior adaptability of foreign education in Germany. Focusing on dif-
ferences regarding the country of origin, where administrative data is used, Brunow and
Jost (2021) show distinct country-specific variation in wage gaps between German and
Non-German workers that should be taken into account in managed migration consider-
ations. In applied Oaxaca-Blinder decompositions, Brunow and Jost (2022) then identify
that wage gaps mainly result from differences in observable characteristics, such as the
location, labour market experience and firm characteristics. Further, they conclude that
Non-German workers receive equal remuneration and possible discrimination is insignifi-
cant in this context. The study by Ingwersen and Thomsen (2021), based on SOEP data,
decomposes the immigrant-native wage gap using recentered influence function regressions
between 1994 and 2015. During the observed time span they find significantly growing
differentials for higher wages for both foreign and naturalised immigrant workers. The
presented aggregate decomposition identifies effects due to differences in characteristics

that amount to overall 80 percent of the estimated wage gaps. However, this endowment
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effect changes from 50 to almost 100 percent along the wage distribution. Therefore,
estimated decompositions suggest a certain wage disadvantage for Non-German workers
compared to their German counterparts. The presented literature results that the major-
ity of studies stems from the period between the late 1990s and 2010, respectively 2015.
Thus, recent developments, especially after 2015, are not subject of current research re-
garding wage differentials in Germany. Further, in the face of increasing migration, driving
forces behind occurring wage gaps are of major importance for immigration and labour
market policies. Therefore, detailed decompositions of wage gaps along the entire wage

distribution in the course of time are crucial and thus presented in this study.

Literature on regional consequences of immigration. First of all, literature that
covers effects of immigration on labour market outcomes of the host-country’s workforce
imply possible consequences on wage distributions. It is argued that a rise of foreign pop-
ulation increases direct competition between foreign and native workers. Due to the fact
that immigrants are assumed to be close substitutes for a specific part of the native work-
force, wages of the latter might be exposed to downward tendencies. At the same time,
the remaining group of native workers, that is seen as a complement to the prevalent type
of immigrant workers, might face enhanced possibilities in remuneration and employment
(Borjas, 2014). Building up on these results Ottaviano and Peri (2012a) provide evidence
of a small but significant degree of imperfect substitutability between native and foreign
workers with comparable levels of education and work experience. Further, they show that
competition takes place among the group of foreign workers and negative effects on the
native workforce are reduced. In the long run, immigration to the US leads to a moderate
overall average positive effect on native wages as well as to an overall average negative
effect on wages of already existent immigrants. Card (2009) reports that an increase
in immigrant population has no major effect on the wage inequality of natives, however
overall wage inequality would be lower without further immigration in the US. With the
focus on metropolitan areas, Ottaviano and Peri (2012b) show a positive and significant
relationship between the increase of foreign workers and changes in the average wage of

natives across US metropolitan areas. Distinguishing this ,area analysis“ approach be-
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tween educational levels, larger positive wage effects on highly educated natives and a
small negative effect on the wages of less educated natives are revealed.

Second of all, the underlying data reveals that the share of immigrants is significantly
higher in German metropolitan areas' as in their rural counterparts (Federal Bureau
of Statistics (Destatis), 2021b). The literature provides evidence that ethnic clustering
plays a non-negligible role in the decision of residence for foreign born workers in Ger-
many (Glitz, 2014; Schaffner and Treude, 2014). The resulting consequences with respect
to labour market outcomes are still debated in current literature. On the one side, it is
argued that due to close social contact to other immigrants, information on the host coun-
try, the welfare system and vacant jobs, is faster and specifically communicated. Thus,
ethnic clustering can be seen as enhancement of social integration and labour market par-
ticipation (Beaman, 2011; Bertrand et al., 2000). On the other side, there is evidence that
these network effects can reduce the necessity to improve the country-specific human cap-
ital concerning language skills and educational knowledge (Warman, 2007). As a result,
the pace of integration into the labour market of the host country could be reduced and
labour market outcomes are affected negatively. Immigrants, living in metropolitan areas
with high ethnic clustering, are further seen to be exposed to slower wage growth (Borjas,
2000). For Germany, Kanas et al. (2012) highlight the importance of social contact with
co-ethnic population in ensuring employment of the foreign population but also iden-
tify limited access to high-status workplaces for immigrant workers in areas with higher
levels of ethnic clustering. Winke (2018) reveals that despite higher marginal income
due to more ethnic clustering, large incomes of the foreign population only increase with
less. Further, moving into urban regions is accompanied with more co-ethnic neighbours
for migrants whereas the opposite is shown for Germans. Schaffner and Treude (2014)
present negative effects on wages and employment for immigrants resulting from ethnic
clustering in large cities in Germany. It is concluded that these observations could be one
determinant why foreign workers persistently earn less than their German counterparts.
Due to evidence of a higher presence of foreign born population in metropolitan areas

and the described possible consequences of ethnic clustering, the following analysis seeks

IThe metropolitan areas are based on the definition of the Initiative Circle European Metropolitan
Regions in Germany (IKM) (2022). For more details, see Section 3.4.
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in revealing differences in the size of wage differentials. Thus, motivated by these find-
ings, the decomposition analyses are additionally estimated separately for metropolitan
and non-metropolitan areas in Germany, where the explanatory factors control for the

composition of the workforce in different regions.

3.3 Data

The German linked employer-employee data (LIAB), provided by the Research Data
Centre of the Institute for Employment Research (IAB), summarises information on the
yearly representative employer survey (IAB Establishment Panel) with corresponding es-
tablishment and individual data, drawn from labour administration and social security.?
The reference date of LIAB data is 30th June in each year, where information on estab-
lishments is matched with social security data of workers that were employed in those
establishments at this day. Therefore, the panel does not consider workers that do not
contribute to social security. Further, LIAB data provide a wide set of characteristics
of observed individuals and of the particular establishment in which they are employed.
The data set contains individual information on workers such as gender, year of birth,
vocational training, education and place of residence as well as information on their em-
ployment such as daily wage, occupation, number of days in employment and job. In
addition, the data set provides details on the classification of economic activities, total
number of employees and region of activity of establishments. In order to ensure a repre-
sentative sample, this study takes sample weights, provided by the TAB, into account.
The main variable identifying German or Non-German workers is defined on the basis
of citizenship. As a result, the study covers mainly first-generation migrants, since second-
generation migrants more likely accept the German citizenship. Due to this data design,
workers that are identified as Non-Germans more likely obtained their school-leaving

qualification abroad and exhibit differences regarding their human capital endowments

2In more detail, this study uses the Linked-Employer-Employee-Data (LIAB) of the Institute for
Employment Research (IAB): LIAB cross-sectional model 2 1993-2019, version 1. Research Data Centre
of the Federal Employment Agency (BA) at the IAB. DOI: 10.5164/TAB.LIABQM29319.de.en.vl. The
data access was provided via on-site use at the Research Data Centre (FDZ) of the German Federal
Employment Agency at the Institute for Employment Research and subsequently remote data access.
For detailed data description see Ruf et al. (2021).
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compared to Germans. Further, possible language barriers and thus effects resulting
from the unexplained part of the wage gap can be identified as well. At the same time,
the analysis is restricted to full-time workers. It could be assumed that the observed
Non-German workers are potentially well-integrated into the German labour market and
should represent less marginalised groups that are forced to work in certain sectors or
conduct particular occupational tasks.® Further studies with similar design and reasoning
regarding the definition of the main variable are, for example, Brunow and Jost (2022)
and Ohlert et al. (2016).

The empirical analysis considers male workers between 25 and 55 years*, who earned
more than 10 Euros per day between 2000 and 2019.° At the upper end, the underlying
data on wage earnings is right-censored at the contribution assessment ceiling of the social
security system. In order to circumvent this issue, the wage imputation method following
the approach by Gartner (2005) is applied. Using this method in order to impute wages,
yearly tobit estimations above the social security threshold are estimated controlling for
standard factors such as age, education, tenure, occupational field and nationality. Using
the Consumer Price Index provided by the German Federal Statistical Office, non-censored
and imputed wages are converted into constant 2015 Euros.

Following recent literature on wage differentials between German and foreign workers,
the analysis considers data on the West of Germany. The decision of excluding East
Germany stems from the still present significantly different labour market and wage setting
processes.® Further, a separate analysis is not intended due to the smaller presence of
Non-German workers in the East-German sample and the resulting not representative

estimations (see Aldashev et al., 2012; Ohlert et al., 2016). For the same reasons, it is

3When it comes to analysing immigrant-native wage differentials among full-time employed workers,
it should be kept in mind that for part-time employed workers the situation might be even more disad-
vantageous. However, due to the data design, with no available detailed information on working hours,
an analogous analysis for part-time employed workers is not feasible.

4The selection of workers according to their age follows the reasoning of Ingwersen and Thomsen
(2021). It is argued that there is a different participation in public education for young and varying ages
of retirement of older individuals depending on their nationality.

5In order to exclude extreme outliers of daily wages, especially for the period before the introduction
of the statutory hourly minimum wage in 2015, observations with a daily wage below 10 Euros are left
aside.

6Since there are considerable differences in the level of pay between East and West Germany, this
decision follows common procedure in the literature using this type of data (see Baumgarten et al., 2020;
Biewen and Seckler, 2019; Dustmann et al., 2009).
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unfortunately not possible to consider female workers in the underlying analyses due to
the not sufficient extent of observations on German and especially Non-German women
on the district level.

Furthermore, the decomposition analyses consider possible effects due to the presence
of foreign population on a regional level. The required data set is provided by the German
Federal Office of Statistics at the district level (Federal Bureau of Statistics (Destatis),
2021b).” Thus, it is possible to match this data set with the administrative labour market
data using the variable indicating the district of employment.® Due to restrictions of
data availability on a yearly and district-level basis, the regional data is aggregated at
the level of German spatial planning regions, , Raumordnungsregionen® (ROR).? This
aggregation summarises districts defined by the NUTS (Nomenclature of Territorial Units
for Statistics) classifications that belong to a specific economic center and its surrounding
areas. As a result of this, possible interrelations of commuters are considered and analyses
on inter-regional disparities on labour market outcomes can be conducted (BBSR Bonn,
2020).19

The observed time span of the analyses covers the years from 2000 to 2019.'! Further,
in order to circumvent possible outliers and reduce the dependency on specific years, the
decomposition analyses are based on pooled time points.'? Regarding the regional aspect
of the study, this approach as well guarantees a sufficient sample size for each observed
time point and increases variation. In order to get an impression how immigrant-native
wage gaps and the driving forces develop over time, the time points are equally distributed

along the period of observation.

"Between 2000 and 2019 there are several changes in the composition of districts. The major changes
are listed in Table in 3.A.1 in Appendix 3.A. The respective merged districts are considered as one district
over the whole period of observation.

8Due to its particular sensitivity with regard to data protection legislation, this variable is only
available on application, see Ruf et al. (2021).

9The German spatial planning regions are called ROR-regions thereafter.

10A detailed graphical depiction of the defined ROR-regions with their respective districts is provided
by the BBSR Bonn (2020).

"Due to data availability reasons of the data coming from the German Federal Office of Statistics
and the specification of the conducted robustness checks provided in Appendix 3.C, the earliest possible
starting year is 2000.

12A similar procedure can be seen for example in Biewen and Juhasz (2012) and Biewen et al. (2019).
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Variables under consideration. The following analyses consider individual explana-
tory factors that are represented by the age and its square as well as the educational level
of workers (three dummy variables'?). Regarding the individual work experience, the days
in employment and the days of job tenure as well as their squared values are considered.
Further, 14 different occupational segments based on the 2-digit Classification of Occupa-
tions 2010 (Klassifizierung der Berufe 2010, K1dB 2010) are taken into account to control
for occupation related effects. Firm-specific properties such as the economic sector (19
groups based on the Classification of Economic Activities, WZ 2008) and the firm size
(six dummy variables'?) augment the explanatory factors. Since the general decline of
collective bargaining coverage in Germany is a discussed topic regarding the overall de-
velopment of wage inequality'® information on the bargaining regime (three groups!'®) is
added as well. Regional-specific effects are controlled by the share of foreign population
and dummy variables indicating ROR-regions. For the separate decomposition analy-
ses for metropolitan and non-metropolitan areas the list of the ROR-region-dummies is

adjusted accordingly to the underlying regions.

3.4 Descriptive Evidence

This section presents information on the foreign population in Germany and related re-
gional differences. Further, it gives a first impression of wage differentials between German
and Non-German workers as well as their development over time and provides descriptive

statistics regarding the observed characteristics.

Immigration and regional differences. Due to several migration flows after the Sec-
ond World War, Germany exhibits today a society with several nations and cultures of

different regions from all over the world. Starting with the targeted recruitment of the so-

13(1) Low: lower/middle secondary without vocational training; (2) Medium: lower/middle secondary
with vocational training or upper secondary with or without vocational training; (3) High: university of
applied sciences or traditional university.

14(1) 1-9 employees; (2) 10-49 employees; (3) 50-199 employees; (4) 200-999 employees; (5) 1000-4999
employees; (6) >5000 employees.

15See for example Baumgarten et al. (2020) and Felbermayr et al. (2014).

16(1) Sector-level agreement; (2) Firm-level agreement; (3) No collective bargaining agreement.
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called guest-workers in the 1950s, workers from Turkey and southern Europe dominated
immigration in West Germany. The subsequent developments regarding family reunifica-
tions and the downfall of the Iron Curtain, which increased migration of Eastern European
countries, led to further changes in the foreign workforce (Dorn and Zweimueller, 2021).
During the last 10 years, Germany experienced major changes in the composition of the
foreign population. Whereas the fraction of foreign born individuals was more or less
constant since 1996 (around 8%), the immigrant share increased by 5 percentage points
to 12,12% in 2019 (Federal Bureau of Statistics (Destatis), 2021b). Of course, this de-
velopment is referable to the significant inflow of migrants coming from Eastern but also
from Southern Europe. After the global financial crisis in 2008,/2009, unemployment rates
increased in counties like Italy, Greece and Spain resulting in a rise of skilled labour inflow
(Seibert and Wapler, 2020). With the begin of the refugee crisis in 2014/15 once again new
immigrants arrived in Germany leading to an overall heterogeneous migrant population.
The largest groups of immigrants today originate from Turkey, Poland, Italy, countries
of former Yugoslavia and other eastern European countries. Nonetheless, there is also
a growing fraction of foreign born population coming from countries of the Middle East
and Asia, such as Syria, Afghanistan and Iraq (Federal Bureau of Statistics (Destatis),
2021a).

Having a closer look at the regional settlement of the foreign population in West Ger-
many, Figure 3.1 (a) provides evidence of a specific pattern. The figure presents the share
of Non-Germans on the level of administrative districts, where a darker colour reflects a
higher value. Thus, regions with concentrated higher numbers of foreign population are
revealed.

Figure 3.1 (b) presents metropolitan regions of West Germany defined by the Initiative
Circle European Metropolitan Regions in Germany (IKM) in 2008 (Kawka, 2016).1” The
concept of European Metropolitan Regions was introduced in the mid-1990s as a pro-
gram of social, economical and cultural advancement aiming to support the international

performance and competitiveness of Germany.!

1"Tn total, there are 11 metropolitan areas in Germany (Initiative Circle European Metropolitan Regions
in Germany (IKM), 2022). Due to the study design, the two regions in East Germany (Capital Region
Berlin/Brandenburg and Central Germany) are not considered in the following.

18For further details see Michel (1998), Rusche and Oberst (2010) and Diller and Eichhorn (2022).
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(5.77,8.12)
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(a) Share of the foreign population in the West of Ger-
many, 2000-2019

7] MA: Nuremberg 7] MA: Munich
[ 7] MA: Stuttgart B MA: Rhine-Neckar
| ='| MA: Frankfurt Rhine-Main || MA: Rhine-Ruhr

|| MA: Hannover, Braunschweig, Gottingen and Wolfsburg 21| MA: Northeast

1] MA: Hamburg |__| Non-Metropolitan Area

(b) Metropolitan areas in the West of Germany

Figure 3.1: Regional differences

Source: (a) Federal Bureau of Statistics (Destatis) (2021b), (b) Kawka (2016), Initiative Circle European Metropolitan
Regions in Germany (IKM) (2022), own depiction.
Note: Figure (a) presents the share of the foreign population at the level of administrative districts in West Germany for 2000
to 2019. Figure (b) presents metropolitan areas in West Germany defined by the Initiative Circle European Metropolitan
Regions in Germany (IKM) (2022).
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Comparing these areas with the observed ethnic clusters of Figure 3.1 (a), it is shown
that migrants tend to settle down in larger cities and economically prospering regions.*’
Especially, the areas Rhine-Ruhr, Frankfurt Rhine-Main, Stuttgart and Munich reveal a
high level of this relationship.

As a result, the underlying observed presence of a higher fraction of foreign popula-
tion in metropolitan areas is supported. Thus, one can conclude that clustering is an

observable factor in Germany that should be examined further, especially in the context

of wage differences between Germany and Non-German workers.

Wage distributions and raw wage gaps. In order to show wage differentials between
German and Non-German workers along the entire wage distribution, Figure 3.2 presents
kernel density estimations considering the whole period of observation from 2000 to 2019.
For the first half of the distributions, the density of German workers is at any point lower
than that of Non-German workers implying substantial differences. The two densities
cross at the log wage level of 4.6 and show that more German workers are present in
the upper half of the wage distribution. In total, a shift to the left for Non-German
workers compared to German workers and thus a substantial wage gap at any point to
the detriment of the former is revealed.

Since this study seeks in providing evidence on changes in wage differentials over time,
Figure 3.3 shows the wage densities separately for German and Non-German workers for
the years 2000 and 2019 and its corresponding difference. Comparing both time points,
in both subfigures a significant drop of the density in the middle of the distribution and
resulting increased wage dispersions are observable. This trend is especially observable for
wages of foreign workers. Further, when it comes to the reallocation of wages along the
distribution, an opposite trend between the two groups of workers is identified. On the
one side, in subfigure (a) more mass is shifted to the right of the distribution, indicating
an increase of German workers in higher paid jobs, which is depicted by the difference
between the two densities. On the other side, subfigure (b) shows for Non-German workers

a higher difference between 2019 and 2000 at the lower half of the wage distribution.

9These findings are in line with Schaffner and Treude (2014), Glitz (2014) and Winke (2018).
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2 4 6 8
Log imputed daily wage
German ~ —-——-—- Non-German
----------- Difference

Figure 3.2: Wage densities, 2000-2019

Source: LIAB QM2 9319, own calculations.
Note: The figure presents kernel density estimations of wage densities for German and Non-German workers between 2000
and 2019. Sampling weights are employed.

1.5
I
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2 4 6 8 2 4 6 8
Log imputed daily wage Log imputed daily wage
2000 @ —=—-—- 2019 2000 === =- 2019
~~~~~~~~~~~ Difference -==-------- Difference
(a) German workers (b) Non-German workers

Figure 3.3: Change in wage densities over time

Source: LIAB QM2 9319, own calculations.

Note: The figures present kernel density estimations of wage densities for German (a) and Non-German (b) workers in
comparison for the years 2000 and 2019. Sampling weights are employed.

Thus, substantial differences in the allocation of workers along the wage distribution, that
change over time and are influenced by the widening of the groups’ wage distributions,

are identified.

Going into more detail how wage differentials evolve over time at different points of the
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wage distribution, Figure 3.4 presents raw wage gaps between German and foreign workers
for the 10th, 25th, 50th, 75th and 90th percentiles over time. In general, substantial
differences along the wage distribution and a distinct U-shaped form between 2000 and
2012 can be confirmed. However, after 2012 a significant trend reversal is identified, where
in the middle of the wage distribution log wage gaps increase. As a result of this, the
significant U-shaped form flattens over time and in 2019 there is a more or less equal

value of log wage gaps along the whole wage distribution.

.25

Log Wage Gap

T
10 25 50 75 90
Percentiles
2000/01 2004/05
——— 2008/09 —-——-—- 2012/13
— — - 2016/17 -- - 2018/19

Figure 3.4: Log wage gaps by percentiles, 2000-2019

Source: LIAB QM2 9319, own calculations.
Note: The Figure presents log wage gaps between German and Non-German workers by percentiles (10, 25, 50, 75, 90)
between 2000 and 2019. Sampling weights are employed.

Since this study seeks in providing evidence on differences between metropolitan and
non-metropolitan areas, Figure 3.5 presents mean wage differentials at the level of ROR-
regions in West Germany. Once again, regional accumulations of certain value ranges
are identified. Areas with the highest observed wage gaps between German and Non-
German workers noticeably correspond to the defined metropolitan areas of Figure 3.1
(b). Especially, the regions around Hamburg, Bremen, Frankfurt Rhine-Main, Stuttgart,
Munich and Nuremberg exhibit the highest observed wage gaps. The estimated correlation
between the fraction of foreign population and the value of the estimated mean wage gaps
between German and Non-German workers is moderate positive with the value 0.45.

In addition, this relationship is supported by kernel density estimations in Figures 3.B.1-
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3.B.3 in Appendix 3.B, where a higher wage dispersion and a larger shift between German
and Non-German workers are presented in metropolitan regions.?’
As a result of these findings, the following decomposition analyses are as well con-

ducted separately for metropolitan and non-metropolitan areas.

(0.285,0.407)
(0.249,0.284)
(0.193,0.248)
(0.060,0.192)

Figure 3.5: Wage differentials between German and Non-German workers, by regions

Source: LIAB QM2 9319, own calculations.
Note: The Figure presents the wage differentials at the mean between German and Non-German workers at the level of
ROR-regions in West Germany, 2000-2019.

Who are the observed workers? A closer look at explanatory factors provides first
information of possible differences in the composition of workforce. The descriptive statis-
tics for selected variables are presented in Table 3.1.2! The first group of characteristics

summarises individual endowments of workers such as age, education, days in employment

20Table 3.A.2 in Appendix 3.A reveals not only significant differences in immigrant-native wage gaps
between metropolitan and non-metropolitan areas but also supports evidence on substantial urban-rural
wage differentials in Germany as recently analysed by Brixy et al. (2022). In general, the existing literature
provides results on wage advantages for workers in large urban areas (see e.g. Gould, 2007; Heuermann
et al., 2010; Yankow, 2006).

2In order to present clear descriptive statistics, Table 3.1 presents only the selected points in time
2000/01, 2008/09 and 2018/19. Thus, the general trend of changes in the characteristics from the
beginning of the observed time period via the middle of the period (2008/09) until the end of observation
time can be identified.
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and job tenure. It is revealed that foreign workers are on average slightly younger than
their German counterparts. At the same time, tendencies towards an aging population
become apparent. A crucial factor when it comes to explaining immigrant-native wage
differentials is the level of observed educational attainment. For Non-German workers,
the share of the lowest educational group is almost 30 percentage points higher than in
the group of German workers in 2000/01. This observed difference persists over the whole
period of observation. For the medium level of education an opposite relationship is en-
countered starting with 80% for German workers and 60% for foreign workers in 2000/01
and resulting in 77% and 65% respectively in 2018/19. It can be seen that the shares
of the two groups approximate during the period of observation. Looking at the highest
educational level a similar development is presented. Both groups grow over time and
result in approximated values in 2018/19. In total, the trend towards a higher educated
workforce is pointed out as well. The next characteristics present information on work
experience. For both factors, days in employment and job tenure, values for German
workers are higher in 2018/19 than in the beginning of the observed time period. In con-
trast to this, foreign workers provide at first an increase in both characteristics, however
ending up with significantly lower values than in 2000/01.

Firm-specific characteristics are among others represented by the collective bargaining
regime, which is subdivided by three groups (no collective agreement, firm level and sector
level agreement). Throughout the whole period of observation, no considerable differences
between German and Non-German workers within a bargaining regime are identifiable.
However, the clear trend towards no collective bargaining regime coverage is obvious with
a share of around 20% in 2000/01 and more than 40% in 2018/19. Regarding the firm
size, that is measured by the headcount, it is revealed that foreign workers tend to be
employed at larger firms until 2008/09. However, in the end of period there is a general
reversal in trend. Further variables that are considered in this group are the conducted
occupation and the economic sector. For reasons of clarity, the detailed presentation of
all respective groups for German and Non-German workers is omitted.

Regional-specific characteristics are the regional presence of foreign population and

ROR-specific effects. The former reveals that Non-German workers are one average sur-
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Table 3.1: Descriptive statistics; 2000/01, 2008/09, 2018/19

2000/01 2008/09 2018/19
German  Non-German German  Non-German German Non-German
Wage:
128.85 103.21 128.46 103.75 132.46 102.15
Individual characteristics
Age:
39.69 38.22 41.55 39.49 41.34 40.14
Education:
low 5.35 33.80 445 27.88 3.76 20.86
middle 80.12 60.12 78.29 61.68 76.53 64.94
high 14.52 6.82 17.26 10.44 19.70 14.19
Days in employment:
5357.09 4359.11 6311.28 4885.39 6339.73 3922.65
Job tenure (days):
2753.02 2344.02 3258.02 2743.82 3013.37 1875.20
Firm-specific characteristics
Collective bargaining regime:
No collective agreement 24.22 23.59 32.27 33.38 40.19 44.22
Firm level agreement 7.84 5.89 9.87 8.97 9.93 9.41
Sector level agreement 67.93 70.51 57.86 57.66 49.88 46.37
Plant size:
Number of employees 1043.76 1390.41 1256.25 1307.73 1262.47 851.80
Regional-specific characteristics
Share of foreign population:
10.17 11.93 9.15 10.77 13.85 15.13
Metropolitan area:
65.19 71.99 64.85 73.79 63.48 68.96
Number of observations 1,521,444 152,629 1,220,476 97,041 666,154 72,840

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.

Notes: The table presents descriptive statistics for specific variables in the selected points in time 2000/01, 2008/09 and
2018/19. The educational level of workers is represented by three dummy variables: (1) Low - lower/middle secondary
without vocational training; (2) Medium - lower/middle secondary with vocational training or upper secondary with or
without vocational training and (3) High - university of applied sciences or traditional university. The bargaining regime
is defined by three groups: (1) Sector-level agreement; (2) Firm-level agreement; (3) No collective bargaining agreement.
The shares are multiplied by 100 for convenience. Sampling weights are employed.

rounded by a slightly higher share of foreign population during the whole period of ob-
servation. The general increase in the foreign population in Germany is documented as
well. In addition, a higher relative presence of foreign workers in metropolitan than in
non-metropolitan areas compared to German workers is documented. In Table 3.1 also

the overall numbers of observations for selected time points are given.??

22The noticeable decrease in the number of observations over time between 2000 and 2019 occurs due
to an overall decrease of the data set size, which is documented by the Research Data Centre of the TAB.
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3.5 Empirical Approach

The empirical analyses combine different estimation strategies in order to provide esti-
mates on the immigrant-native wage differentials and its driving factors for overall West

Germany but also at the level of metropolitan and non-metropolitan areas.

RIF-regressions approach. In order to estimate the effect of an explanatory variable,
conditional on all other factors, on other distributional statistics than the sample mean,
the recentered influence functions (RIF) regressions approach is applied (Firpo et al.,
2018). This estimation strategy replaces the log wage, w, as the dependent variable
by the recentered influence function of the statistic of interest. The influence function,
IF(w;v), shows the influence of each observation on this distributional statistic and is
dependent on the wage distribution F,,. The following linear function of explanatory

variables defines how the conditional expectation of the RIF(w;v) can be estimated:
E[RIF(w;v)|X] = X7, (3.1)

where the parameters v can be estimated by OLS (Fortin et al., 2011).

Since subsequent analyses aim in estimating among others the effects of immigrant
population on different parts of the wage distribution in different regions of Germany, the
estimation strategy is related to the case of quantiles. Here, the estimated coefficients
are interpreted as unconditional (quantile) partial effects (UQPE) of small location shifts
in the covariates (Firpo et al., 2009). In contrast to the commonly known conditional
quantile regressions, it is possible to identify the effect of a changing explanatory variable

on the 7th quantile of the unconditional distribution of w.

Decomposition method. In order to identify the explanatory factors that drive dif-
ferentials between Germans, /N, and non-Germans, F', at different parts of the wage dis-
tribution, the standard decomposition method introduced by Oaxaca (1973) and Blinder
(1973) (OB decomposition) on the basis of RIF-regressions is applied. Assuming linear

wage equations of the two groups, g, where w denotes the log wage and X is a vector of
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covariates, the following equation presents the standard (aggregate) decomposition of the

log wage gap at the mean??, yu:

A = _
AO—U}N—U)F

= (Xn — Xp)'Br + Xy (By — Br). (3.2)

The first half of equation (3.2) denotes the explained part that is based on mean dif-
ferences in covariates and is called composition effect. In this case, the characteristics
of Germans and Non-Germans are valued by the coefficient of foreign workers. If Non-
German workers have the same characteristics as German workers, the composition effect
is zero. The second half represents the part that cannot be explained due to differences
in explanatory factors. This wage structure effect defines the unexplained, residual part
of the wage gap between German and Non-German workers. In other words, this part
represents the value of how much better native workers are valued compared to their

foreign counterparts (Fortin et al., 2011).24

Together with the estimated coefficients of unconditional quantile regressions, 4, .2,
for each group, where g = N, F', the OB decomposition of equation (3.2) at quantile 7 is
defined as:

AL = (Xn — Xp)3rr + Xy(Onr — Arr) (3.3)

where ATO presents the wage gap at the 7th unconditional quantile. Using this extended
method, it is possible to decompose log wage gaps between German and Non-German
workers at the level of quantiles. Further, as proposed by Firpo et al. (2018) the two-step

procedure is applied decomposing wage gaps in order to fulfill the linearity assumption of

23The standard OB decomposition at the mean is estimated using the linear wage setting regression
model wy = X3, + vy, where g = N, F.

24Tn the following, the terms endowment effect and composition effect as well as wage structure effect
and coeflicient effect are used interchangeably.

25The coefficients of t/he\ unconditional quantile regressions for each group are defined as:
Agr = (O X X)) ™1, RIF(wyi; Qq.) X;, where g = N, F.
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the model.?® For this reason, the reweighting function introduced by DiNardo et al. (1996)
is used to construct at first a counterfactual sample, g = C', of Non-German workers with
the distributional weights of German workers.?

As a result of this procedure, Fortin et al. (2011) show that the explained part of the
decomposition is divided into the pure explained part as well as the specification error

and is estimated by:
A% = (Xo = Xp)irr + X6(cr — Ars)- (3.4)

The latter part denotes the difference between the total wage structure effect in the initial
OB decomposition and the reweighted regression decomposition. Thus, the specification
error should be equal to zero if the model was truly linear.

By analogy, the unexplained part can be divided into the pure unexplained part and

the reweighting error, which is estimated by:

Afr = XNOnr —dor) + (Xy — Xo)3er (3.5)
The latter part is defined as the difference between the total explained effect across the
initial OB decomposition and the reweighted regression decomposition. In other words,
since the counterfactual sample is used to imitate the sample of German workers, in large
samples it should be plim(X¢) = plim(Xy). This results in a reweighting error that goes

to zero, if the reweighting factor 7,@(X ) is consistently estimated.

In order to show the regional-specific aggregate and detailed decomposition results

26 As discussed by Barsky et al. (2002), if the linearity assumption in the case of the standard OB
decomposition does not hold, the estimated counterfactual mean wage would not be equal to Xy p.
2"The reweighting function is estimated as follows:

F) Pr(g = N|X)
=N) Pr(g=F|X)’

@X(X) = PI;:((;]

where Pr(g = N) and Pr(g = F) denote the sample proportions of German and Non-German workers
in the pooled data. The proportions Pr(¢g = N|X) and Pr(g = F|X) are reminiscent of a standard
binary dependent variable. Therefore, the likelihood that an individual belongs to one of either groups
conditional on the covariates X can be estimated using a logit or a probit model based on the pooled
sample (Fortin et al., 2011).
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equations (3.4) and (3.5) are adjusted accordingly for metropolitan and non-metropolitan
areas. In this context, the dependent variables are the wages of German and Non-German
workers either in the defined metropolitan regions of Figure 3.1 (b) or the remaining

regions.

The underlying decomposition method ascribes estimated wage differentials between
two groups completely to the considered covariates. Thus, the sum of all detailed explained
and unexplained effects defines the overall wage gap between German and Non-German
workers at a specific quantile. This feature has to be taken into account when it comes
to the interpretation of the unexplained effect of the decomposition. In the literature,
this effect is commonly equated with a measure of discrimination against foreign workers
(Fortin et al., 2011). Nevertheless, it also contains possible effects resulting from group
differences of predictors that are unobserved in the analysis (Jann, 2008; Lehmer and
Ludsteck, 2011). It is obvious that it is not possible to observe all potential causes
that lead to differences in wages. Soft skills such as communication, motivation but
also assertiveness in negotiations as well as cultural differences can hardly be represented
as they are in reality (Ingwersen and Thomsen, 2021). The unexplained part of wage
gaps is also sometimes claimed as productivity differences between German and foreign
workers since by definition comparable characteristics are remunerated differently and
thus differences in the slopes of the estimated wage equations can be observed (Brunow
and Jost, 2022). As a result of these considerations, the respective part of wage gaps is
named unexplained effect in the following and serves only as an indication on how well

integrated foreign workers are in the German labour market.

3.6 Decomposition Results

3.6.1 Aggregate Decomposition

Using RIF-regressions based Oaxaca-Blinder decompositions, it is possible to divide es-
timated log wage gaps at different percentiles into two parts. On the one hand into an

endowment effect that is explained by differences in characteristics and on the other hand
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into a coefficient effect that represents the unexplained part due to different returns to
observed characteristics. The aim of the aggregate decomposition is to show, to which
extent wage differentials are caused by differences in observed characteristics and which
part is left to unexplained effects. High values of the latter would provide indications on
possible differences regarding the remuneration of foreign workers compared to Germans.
In this context, discriminatory employment patterns such as sticky floors and glass ceiling,
where it is nearly impossible to either leave lower wage structures or reach higher valued

jobs for Non-German workers, could be identified.

Overall wage gaps. In advance to the analyses on regional differences between metropoli-
tan and non-metropolitan areas, it is evident to have at first a look on the general de-
velopments in West Germany as a whole. On this basis, it is subsequently possible to
compare the regional results to the baseline model and put them into relation. Figure 3.6
presents the results of the aggregate decompositions for the 10th, 25th, 50th, 75th and
90th percentiles at pooled time points (2000/01, 2004/05, 2008/09, 2012/13, 2016/17 and
2018/19)%. In general, the majority of respective wage gaps results due to differences
in explanatory factors and unexplained parts account only for smaller extents. Further,
whereas the former is at any time and percentile statistically significant at the 1% level,
the latter is insignificant throughout the whole period.

Subfigure (a) presents log wage gaps for the lowest wages (10th percentile), where the
difference between German and Non-German workers stays between 2000/01 (0.25) and
2018/19 (0.24) more or less stable with an ambiguous trend in between. The endowment
effect explains around 80% in 2008/09, 2016/17 and 2019/18, whereas the coefficient
effect has a maximum of 40% in 2000/01. A different development of log wage gaps is
encountered at the 25th percentile and median wages. In 2000/01, differences amount for
0.15 log points and increase up to 0.26 log points in 2018/19, respectively. Differences in
observable characteristics explain between 69% (2004/05) and 85% (2018/19) of the overall

log wage gaps at the 25th percentile. At median wages, the extent of unexplained effects

28Due to the availability of data only until 2019, there is no distance between the two last time points.
However, due to the special relevance of this time period, regarding migration developments, both time
points are considered.
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Figure 3.6: Aggregate decomposition of immigrant-native wage gaps along the wage dis-

tribution, 2000-2019

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.
Notes: The different subfigures present the estimated results of the RIF-regressions based aggregate OB decomposition.
Sampling weights are employed.
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decreases as well over time by around 10 percentage points. A stable pattern is presented
in subfigure (d), where wage differentials are around 22% at the 75th percentile between
2000/01 and 2016/17. However, in the last year of observation an outlier up to 27% is
observable. In addition, a trend towards a larger unexplained effect of wage differentials
is presented. Whereas in 2000/01 the wage gap was not explainable by differences in
characteristics by around 11%, the effect increases to almost 30% in 2018/19. At the
highest wages (90th percentile) the development is once again different, where the overall
log wag gaps decrease over time until 2016/17 with an increase thereafter in 2018/19. As
already seen before, a trend towards a larger unexplained part is presented. In 2000/01
the wage gap between German and Non-German workers is almost completely explainable
by differences in the observable characteristics. However, the unexplained part begins to
increase since 2004/5 with 20% and amounts in 2018/19 around 25%.

As presented above, the group of foreign workers in Germany consists out of vari-
ous nationalities with different motives of settlement and time points of immigration. In
order to account for possible heterogeneity among Non-German workers, the aggregate
analysis is estimated separately on the one side between German workers and workers of
EU countries® as well as on the other side between German workers and workers from
the rest of the world. Table 3.A.3 and Table 3.A.4 in Appendix 3.A reveal not only
significant differences in magnitudes of estimated wage differentials but also variation in
the decomposition in explained and unexplained effects. At any point along the wage
distribution, wage gaps are higher for Non-EU than for EU workers with a reversal in
trend after 2012/13. Further, wage differentials of EU citizens are entirely explainable by
differences in observable characteristics of workers. In contrast to this, significantly lower
shares of composition effects explaining wage differentials between Non-EU citizens and
German workers are presented and thus evidence for possible discriminatory remuneration
structures is presented. In this context, distinctions in the legal access of foreign workers
to the German labour market have to be mentioned. In general, there is a substantially
easier access for workers of EU countries compared to workers from the rest of the world.

As a result of the European integration process, foreign EU-citizens have the same legal

29The group of EU-citizens is defined according to the member states of the European Union at the
time of observation.
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access to the German labour market as domestic individuals. In contrast to this, Non-
EU workers are confronted by specific regulations and required permissions (see Brunow
and Jost, 2019; Dorn and Zweimueller, 2021). Thus, regarding the extent of unexplained
effects and resulting measures by policy makers, the observed group of foreign workers

plays a decisive role.

Regional differences. Based upon the results above, it is possible to range in the
regional aggregate decomposition results that are estimated separately for metropolitan
and non-metropolitan areas (see Figure 3.7).3 Having a closer look at overall wage gaps
in metropolitan areas, similar developments as seen before along the wage distribution
are observed. The aggregate decomposition similarly provides significant evidence for
larger fractions of unexplained parts at lower wages in the beginning of the observed time
period. Moreover, in contrast to the overall results the effects that cannot be explained
by differences in the observed characteristics are considerably present (around 35%) at
the median and 75th percentile wage gaps until 2012/13. In contrast, at the highest
wage gaps the unexplained part decreases over time and smaller values since 2016/17 are
identified. The results for the defined non-metropolitan areas reveal on average the lowest
values of wage differentials, especially between 2000/01 and 2012/13. Another striking
difference compared to the estimates presented until now, are significantly lower values
of unexplained effects. Until 2012/13, the effect that is not explainable by differences
in characteristics is on average 13 percentage points higher in metropolitan than in non-
metropolitan areas. Further, there is a general trend towards higher wage gaps at all parts
of the wage distribution revealed after 2012/13 for non-metropolitan areas. Thus, overall
wage gaps and divisions of effects within the aggregate decomposition seem to adjust. In
2018/19, overall wage gaps in non-metropolitan areas are even higher than those in urban

regions, except for top wages at the 90th percentile.

30In Tables 3.A.11 and 3.A.12 in Appendix A the aggregate decomposition results are presented.
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Figure 3.7: Aggregate decomposition of immigrant-native wage gaps along the wage dis-

tribution by region, 2000-2019

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.
Notes: The different subfigures present the estimated results of the RIF-regressions based aggregate OB decompositions in

metropolitan and non-metropolitan areas. Sampling weights are employed.
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3.6.2 Detailed Decomposition

In order to identify to which extent various explanatory factors influence wage differentials
between German and foreign workers, unconditional quantile regressions are estimated in
a first step. Since it is the main interest to show results of detailed decompositions, esti-
mations of RIF-regressions are not presented in detail. As seen in the section before, dif-
ferences in observed characteristics mainly explain the estimated immigrant-native wage
gaps and are statistically significant. Due to the fact that unexplained parts play only a
minor role and no statistically significant driving factors are detected, the focus of this

section is on the detailed decomposition of endowment effects.

Overall wage gaps. Again, at first the general detailed decomposition estimates of
endowment effects at different points of the wage distribution (10th, 25th, 50th, 75th and
90th percentile) over the time span of 20 years (2000-2019) are presented in Figure 3.8.3!
Overall, it is obvious that the relative roles of the explanatory factors differ between the
selected percentiles and over time.

The results reveal that differences in educational levels are one of the important fac-
tors driving wage gaps between German and foreign workers. As seen in the descriptive
statistics, considerable differences are especially identified during the first half of the ob-
served time period. As a result of these varieties, educational differences explain circa
one quarter of the endowment effect at the lower half of the wage distribution in 2000/01.
For workers at the 75th and 90th percentiles, wage gaps are even explainable by more
than 30% and 40% due to differences in educational levels until 2008/09. However, at all
parts of the wage distribution a general trend towards a decreasing influence of educa-
tional attainment is observable over time. In 2018/19, only between 10% and 19% are still
explained by differences in education. This development is attributable to the shrinking
gap in higher levels of education between German and Non-German workers presented in

the descriptive statistics.

31The detailed decomposition is conducted applying the proposed procedure by DiNardo et al. (1996),
where at first a counterfactual distribution is estimated. Thus, in Figure 3.8 only the pure composi-
tion effects are illustrated. The predominantly statistically insignificant specification errors are omitted.
Further, all underlying detailed results to the Figures are presented in Tables 3.A.5-3.A.10 in Appendix
3.A.
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Figure 3.8: Detailed decomposition of the explained part, 2000-2019

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.
Notes: The different subfigures present the estimated results of the RIF-regressions based detailed OB decomposition.
Sampling weights are employed.
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Different developments are seen regarding the factors days in employment and job
tenure, whose effects are as well all highly significant. Starting with days in employment,
the results reveal an impact of around 20% for lower wage gaps during the whole period.
In contrast to this, for median wage gaps and at the 75th percentile the effects increase
from 10% and 5% to more than one quarter and 15%, respectively. For wage gaps at
the 90th percentile, differences in days of employment only play a noticeable role in the
last two time points. Turning to differences in job tenures, a similar trend is identified.
According to the estimated results, the respective impacts increase from almost zero to
more than 10% (10th, 25th and 90th percentile) and 15% (50th and 75th percentile)
between 2000/01 and 2018/19. Thus, the results provide evidence of a growing impact
on wage gaps along the whole distribution due to differences in days of employment and
job tenure.

Distinct effects on wage gaps at the lower half of the wage distribution result from
differences in the sectoral employment of workers. Between 15% and one quarter are
explainable due to different selection of sectors. For median wages, impacts of sectoral
differences increase in importance from 7% in 2000/01 up to 24% in 2016/17. At the upper
part of the wage distribution, there is almost no significant effect coming from different
sectoral employment. The complete opposite development is observable for effects due
to occupational differences between 2000/01 and 2018/19. On the one side, the effects
range between 3% and 15% in the lower half of the wage and explain circa 20% of median
wage gaps. On the other side, differences in occupational fields are the main driving force
of endowment effects at the 75th and 90th percentiles. The impact increases between
2000/01 and 2018/19 from around one third to more than 50% for highest wages. The
results show that while at the bottom of the wage distribution differences between German
and Non-German workers arise due to sectoral impact, it is revealed that at higher wages
occupational differences play the most important role.

Another, until now less observed, factor behind wage gaps between German and Non-
German workers are possible effects due to differences in the regional presence of the
foreign population. In general, no consistent positive or negative effects on wage differ-

entials along the distribution are identified. However, mainly statistically significant and
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positive impacts are observed for wage gaps at the 10th and 25th percentiles ranging
between 3% and 10% from 2000/01 to 2018/19. Further, wage gaps at the median and
the 90th percentile exhibit increasing tendencies due to differences in the presence of the
foreign population mainly between 2004/05 and 2012/13. The estimated negative effects
that are mainly observed at the 75th percentile, are either statistically not significant or
show effects of only a marginal share.??

Explanatory variables that only play a minor role in describing endowment effects be-
tween German and Non-German workers are differences in age, region of employment and
collective bargaining regime of the firm. Regarding the latter explanatory variable, no
nationality-specific affiliation to a specific regime is observed, which could have impacted
wage differentials between German and Non-German workers. Most of the time these
effects are negative and mainly statistically insignificant. The factor that has a reducing
impact on endowment effects is the size of the plant of employment, whose coefficients

are mainly statistically significant.?3

Regional Differences. This study further presents detailed decomposition analyses of
wage differentials separately for metropolitan and non-metropolitan areas in Germany.
As seen before, there are significant regional differences in levels of wage gaps between
German and Non-German workers suggesting a varied composition of the respective work-
force. Figures 3.B.4 and 3.B.5 in Appendix 3.B present estimation results of the explained
parts at common wage percentiles.

In general, the above identified trends regarding decreasing impacts of educational
attainment and growing effects due to differences in professional experience are revealed
as well. However, the respective magnitudes differ significantly regarding the former.
Whereas differences in levels of education explain composition effects at the lower half of
the distribution by around 10% (2000/01-2018/19) in non-metropolitan areas, this effect
almost doubles in size for metropolitan regions. The same results for median and top

wages, where the impact is at least 10 percentage points higher in urban areas. These

32Tn order to validate the estimated results on the effects due to the presence of foreign workforce, a
respective robustness check is presented in Appendix 3.C.

33Tn order to validate the results of the overall estimated effects of the different factors, a respective
robustness check on pooled fixed effects is presented in Appendix 3.C.
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results provide evidence for regional-specific higher discrepancies between German and
foreign workers in metropolitan areas in seeking for higher levels higher levels of educa-
tion. Table 3.A.2 in Appendix 3.A provides additional area-specific descriptive statistics,
where a general pattern is revealed. In metropolitan areas, the shares of highest educa-
tional groups are for both, German and Non-German workers, at any point higher than
in non-metropolitan areas. However, the percentage point difference within the former
region between German and foreign workers is more pronounced revealing a structural
difference regarding educational attainment compared to non-metropolitan areas. Fur-
ther, the estimations reveal a stronger impact (on average 5 percentage points higher)
due to sectoral differences of employment at the 25th, 50th and 75th percentiles in non-
metropolitan areas. Effects due to occupational differences account for similar values of
the explained parts in both sub-regions. The observed effects due to regional differences
in the presence of the foreign population seem to be more distinct in urban areas between
2004/05 and 2012/13 for lower wages and the median. In non-metropolitan areas, the
results reveal impact especially on higher wages during the entire period of observation.*

To sum up, wage differentials between German and Non-German workers do not only
differ in size depending on the observed region, but also the specific compositions of
explained effects vary. Since these findings provide evidence on possible regional-specific

dependencies, these results are of special interest for policy related implications.

3.7 Discussion and Conclusion

During the last years, Germany experienced noticeable increases in the share of foreign
population. One factor in order to assess effective integration of foreign workforce in the
German labour market is provided by analyses on how Non-German wages evolve over
time in comparison to their German counterpart. This study finds evidence of a reversal
in trend for wage differentials at different parts of the wage distribution after 2012. While
log wage gaps of bottom and top wages increase again and persist at a high level, wage

differentials in the middle of the distribution increase for the first time significantly in

34In order to validate the estimated results on the differences between metropolitan areas and non-
metropolitan areas, respective robustness checks are presented in Appendix 3.C.
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the observed period between 2000 and 2019. This development can be traced back to the
significant influx of foreigners after 2015 and the relating thereto observed decrease in
provided time of job tenure and experience. This increasing lack of job-specific knowledge
of Non-German workers in comparison to their German counterparts therefore possibly
leads to a different remuneration through the employers. As a result, overall wage gaps
increase. Distinguishing between urban and rural areas, on average significantly higher
wage differentials are revealed for metropolitan areas, where as well on average a higher
share of foreign population is encountered.

Using the RIF-regressions based Oaxaca-Blinder decomposition method, detailed anal-
yses along the entire wage distribution are estimated. Aggregate decompositions identify
substantial differences in the size of log wage gaps at different parts of the wage dis-
tribution, where in all cases the majority can be explained by differences in observed
characteristics. However, while there is a decreasing trend in relative size of the unex-
plained part in the lower half of the wage distribution, the impact of differences in the
returns to the observed characteristics increase at the 75th and especially for wages at
the 90th percentile over time. This observation confirms findings of Lehmer and Lud-
steck (2011), who show larger unexplained effects at the bottom of the wage distribution,
which is seen as evidence for sticky floors, between 1995 and 2000. The presented aggre-
gate decompositions of wage gaps in metropolitan areas reveal especially for lower wages
evidence on sticky floors. In contrast to this, larger coefficients effects at the top of the
distribution during recent years indicate evidence on limitations in career progression of
foreign workers in Germany. This phenomenon, which is in the literature described as
glass ceiling, suggests that mainly well-educated foreign workers lag behind native work-
ers with the same characteristics and they are not included in the German labour market
corresponding to their qualifications.

Applying the detailed decomposition analysis, this study provides insights in the driv-
ing factors behind wage differentials between German and Non-German workers until
2019. There is not only evidence for changes in the relative importance of explanatory
factors over time but also the sources of possible wage disadvantages of foreign workers

shift between different parts of the wage distribution. Evidence for a shrinking relative
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effect due to differences in educational attainment independent of the position at the wage
distribution are contrary to the often mentioned and easier explainable differences in pay
solely due to a presumed lower educated foreign workforce. Further, the wage gap in the
lower half of the distribution is explained to large parts by differences in the sector of
employment. Despite the fact that the analysis covers only full-time working employees,
it seems that there is a certain allocation to lower paid economic sectors for Non-German
workers. These findings are in line with the identified relationship by Glitz (2014) that
less workplace segregation of foreign workers in Germany is closely related to improve-
ments in their wage positions. In contrast to this, at the upper half of the distribution
wage differentials mainly occur due to variation in the exercised occupation. Especially
for top wage employees, this development becomes apparent and is once more evidence
for possible restrictions in promotion opportunities of foreign workers. This inference is
supported by Beyer (2019), who identifies less success of immigrants in obtaining jobs
with higher occupational autonomy. Another crucial factor explaining wage gaps, are
identified differences in labour market experience. Especially during recent years this
aspect gained increasing impact on wage differentials suggesting deficits in acquiring job
related knowledge to the detriment of foreign workers’ remuneration. This striking de-
velopment is supported by findings of Brunow and Jost (2021), who trace the observed
significantly lower work experience among foreign workers back to the gradual opening
of the German labour market during the last 15 years. In addition to the commonly
observed control factors, this study provides new insights on impact due to differences
in the presence of foreign population on wage gaps. Increasing tendencies in wage dif-
ferentials are especially identified for lower wages, providing evidence on widening wage
distributions between native and foreign workers in this area.

When it comes to the region-dependent detailed decomposition analyses of wage gaps
in metropolitan and non-metropolitan areas, there are not only differences in the mag-
nitude of immigrant-native wage gaps, but there is also variation in the composition of
the driving forces. Especially higher effects due to differences in educational attainment
in metropolitan areas identify structural disparities between German and foreign workers

regarding inequitable access to continuing education. These findings also support the
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presented reasoning of Warman (2007) and Schaffner and Treude (2014) in the context
of residential clustering. Further, despite the fact that a close connection to co-ethnic
population enhances employment of Non-German workers (Kanas et al., 2012), the pre-
sented estimations reveal deficits in the inclusion of foreign workers in labour markets of
metropolitan regions. Future research could therefore attempt to identify further differ-
ences between metropolitan and non-metropolitan labour markets regarding immigrant-
native wage differentials.

Based on the estimations of the presented decomposition analyses several policy re-
lated implications addressing the driving forces behind wage differentials can be derived.
The significant results regarding the wage gap increasing effects due to differences in the
economic sector affiliation at the lowest wage levels and differences in the affiliation to
occupations at higher wages emphasise policy measures dependent on the location along
the wage distribution. Especially, with regard to the fact that the underlying study is
restricted to possibly better in the labour market integrated full-time employed workers,
these circumstances need to be addressed. Thus, policy programs should be developed in
order to prevent forced selection of foreign workers into specific sectors and occupations
conditional on the striven wage. The concerned sectors and occupational segments are
in particular the manufacturing, hospitality and economic service sectors as well as jobs
in production, logistics and cleansing. Especially regarding the observed trends towards
sticky floors and glass ceiling in these areas focused action is appropriate. Another devel-
opment that has to be mentioned is the striking increase of impact due to differences in
experience and job tenure during the last years. It is identified that these factors play a
decisive role explaining wage differences and thus policy should provide a course of action
to reduce these possible insecurities regarding the lack of work experience in Germany.
Relating thereto, in view of considerable lack of specialists and an aging population with a
loss of labour force of around several hundred thousands each year immigration is essential
for the German labour market (Fuchs and Weber, 2018; Kaltwasser and Schludi, 2022;
Sauer and Wollmershauser, 2021). Policies that provide enhanced processes of paperwork
in German immigration authorities as well as uncomplicated recognition of foreign cer-

tificates and diplomas are required. In this context, the results of the regional-specific
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analyses are crucial. Since significantly larger effects due to differences in educational
levels in metropolitan areas are identified, aimed policy measures are required. These
actions should enable structural conditions in which a more equal distribution of educa-
tional attainment is achieved. In addition, the literature shows that it is crucial for the
economic future of cities to attract young and qualified workers (see e.g. Buch et al., 2014;
Facchini and Lodigiani, 2014; Kiihn, 2018). In the face of substantial skills shortage and
striven managed migration for labour force compensation, these implications gain in rele-
vance once more. Attracting additional workforce from abroad requires thus at the same
time political measures ensuring an appropriate integration in different regional labour
markets in Germany.

The identified results confirm the importance of detailed decomposition analyses of
immigrant-native wage differentials along the entire wage distribution for specific time
points within different regions in Germany between 2000 and 2019. In doing so, the study
contributes important insights in an indirect measure of how foreign workers adapt to the

German labour market and are integrated into society.

131



CHAPTER 3. MIGRATION AND WAGE INEQUALITY: A DETAILED ANALYSIS
FOR GERMAN METROPOLITAN AND NON-METROPOLITAN REGIONS

Appendix 3.A

Table 3.A.1: Overview of changes in the composition of districts between 2000 and 2019

Initial district Merging and current district Year of change
Hannover, independent town Hannover, district 2001
Aachen, independent town Aachen, city region 2009
Osterode am Harz Gottingen 2016

Source: (Federal Bureau of Statistics (Destatis), 2021b).
Notes: The table presents the mergers of districts between 2000 and 2019. The affected districts are considered as one

during the whole period of observation.

132



CHAPTER 3. MIGRATION AND WAGE INEQUALITY: A DETAILED ANALYSIS
FOR GERMAN METROPOLITAN AND NON-METROPOLITAN REGIONS

Table 3.A.2: Additional descriptive statistics; 2000/01, 2008/09, 2018/19

2000/01 2008/09 2018/19

German Non-German German Non-German German Non-German
Wage:
Metropolitan area 133.62 104.46 134.16 106.21 136.17 105.05
Non-metropolitan area 119.91 100.00 117.95 96.81 126.01 95.69
Individual characteristics
Education:
low
Metropolitan area 5.16 34.38 4.40 27.73 3.82 20.10
Non-metropolitan area 5.71 32.32 4.55 28.33 3.82 20.10
middle
Metropolitan area 78.51 58.90 76.09 61.04 74.35 64.47
Non-metropolitan area 83.14 63.26 82.36 63.48 80.32 65.95
high
Metropolitan area 16.33 6.73 19.52 11.24 21.83 15.41
Non-metropolitan area 11.15 4.42 13.09 8.19 16.02 11.50
Regional-specific characteristics
Share of foreign population:
Metropolitan area 12.01 13.57 10.47 11.87 15.38 16.60
Non-metropolitan area 6.79 7.85 6.63 7.42 11.51 12.17

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.
Notes: The table presents descriptive statistics for selected variables in 2000/01, 2008/09 and 2018/19. The shares are

multiplied by 100 for convenience. Sampling weights are employed.
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Table 3.A.3: Aggregate decomposition results, German and EU workers

10th percentile

25th percentile

50th percentile

75th percentile

90th percentile

Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

2000/01

Log wage gap 19.42 (2.64) 954 (0.99) 10.05 (0.56) 1317 (0.73) 16.97 1.18)
Composition effect  20.48"* (2.88) 8.79°* (1.98) 10.097 (1.75) 13.55% (3.15) 18.367 (3.05)
Wage structure effect —1.06 (15.98) 0.74 (12.32) —0.04 (8.77) —0.38 (22.70) —1.39 (20.61)
2004/05

Log wage gap 13.60° (2.69) 730 (1.03) 7427 (0.67) 11.627 (0.65) 11,08 (1.14)
Composition effect 15.16"* (2.79) 7,32+ (1.58) 6.95% (1.34) 757 (1.43) 13.67% (2.14)
Wage structure effect —1.56 (13.33) 0.02 (10.10) 0.47 (8.57) 4.05 (9.83) 0.41 (14.97)
2008/09

Log wage gap 20577 (2.20) 12.897% (1.02) 10.87 (0.72) 13.52° (0.72) 10.99° (1.18)
Composition effect 22,03 (3.15) 12.08** (1.77) 9.84% (1.37) 1313+ (1.85) 1344 (2.39)
Wage structure effect —0.46 (23.40) 0.81 (13.28) 1.03 (9.66) 0.39 (1.71) —2.45 (19.59)
2012/13

Log wage gap 28.21%* (1.38) 23.77 (1.22) 17.84* (0.84) 14.68** (1.22) 10.02** (1.55)
Composition effect 2760+ (2.95) 24,58+ (1.82) 1812+ (1.58) 17.90"* (2.30) 13.01% (2.93)
Wage structure effect  0.61 (19.86) —0.81 (12.60) —0.28 (11.02) ~3.22 (15.89) —2.99 (21.98)
2016/17

Log wage gap 27517 (0.89) 32707 (0.75) 32,687 (0.81) 27.97° (1.01) 21,437 (1.21)
Composition effect 26.05** (3.41) 32.80™** (2.22) 33.58** (2.02) 31.63** (2.19) 23.75%* (2.07)
Wage structure effect  1.46 (21.07) ~0.10 (12.98) ~0.89 (11.65) —3.67 (13.02) —2.32 (12.26)
2018/19

Log wage gap 25167 1.02) 20167 (0.89) 30.50 0.74) 30.647 (0.93) 2531 1.20)
Composition effect 23.04** (5.96) 28.77** (2.05) 31.04*+ (2.00) 33.04* (2.57) 28.58"** (2.37)
Wage structure effect  2.12 (31.59) 0.39 (10.86) —0.54 (10.95) —2.40 (14.70) —3.27 (13.49)

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.

Notes: The table presents the results of the aggregate RIF-regressions based OB decomposition approach between German and EU foreign workers based on log daily wages for
all considered percentiles. All coefficients and wage gaps above are multiplied by 100 for convenience and represent log percentage points. *** **
significance at the 1, 5, and 10 percent level, respectively. Sampling weights are employed.

, and * indicate statistical
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Table 3.A.4: Aggregate decomposition results, German and Non-EU workers

10th percentile 25th percentile 50th percentile 75th percentile 90th percentile
Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

2000/01

Log wage gap 26,547 1.89) 1939 (0.74) 17.80 (0.42) 26.33" (0.39) 38.00 (0.52)
Composition effect 10.35% (3.53) 10,16 (1.62) 9.95 (1.11) 15737 (1.89) 30.567 (6.33)
Wage structure effect 16.19 (13.47) 9.23 (6.14) 8.63 (4.00) 10.60 (6.28) 7.44 (22.79)
2004/05

Log wage gap 26,847 1.39) 20757 (0.75) 18257 (0.52) 27.007 (0.40) 3725 (0.64)
Composition effect 20,617 (2.42) 14.70° (1.02) 10.41%* (1.74) 15.17" (2.37) 24.467 (3.43)
Wage structure effect 6.23 (10.61) 6.01 (3.57) 7.83 (4.81) 15.17 (2.24) 12.80 (15.14)
2008/09

Log wage gap 26,277 (1.28) 21.897* (0.79) 19.45° (0.59) 2712 (0.53) 36.32° (0.80)
Composition effect 14.247 (2.66) 12,867 (1.66) 11.02+ (1.21) 14.687 (1.62) 1877+ (2.46)
Wage structure effect 12.03 (13.00) 9.03 (7.32) 8.43 (5.66) 12.44 (7.71) 17.55 (12.72)
2012/13

Log wage gap 26.66" (111) 22,97 (0.82) 19.90° (0.57) 25,94 (0.58) 3470 (0.64)
Composition effect 15.00% (3.07) 15,66+ (1.80) 10,72+ (1.44) 14.04* (1.80) 16.53+ (1.87)
Wage structure effect 11.57 (12.54) 7.31 (7.47) 9.18 (5.12) 11.90 (6.27) 18.17 (8.04)
2016/17

Log wage gap 25467 (1.08) 22,927 (0.86) 20,027 (0.77) 22,507 (0.60) 20117 (0.86)
Composition effect 17.30%* (2.23) 13.93** (1.48) 10.99** (1.44) 9.67* (1.45) 12.59** (3.25)
Wage structure effect 8.16 (10.17) 8.98 (6.33) 9.93 (6.19) 12.92 (6.24) 16.52 (14.61)
2018,/19

Log wage gap 2330 (0.93) 2015 (0.81) 21.00 (0.80) 2370 (0.58) 30.027 (0.79)
Composition effect 15.88+ (2.65) 17.01% (1.35) 12,02+ (1.38) 9.45" (1.51) 10,98+ (2.18)
Wage structure effect 742 (12.02) 7.14 (5.80) 9.00 (5.97) 14.26 (6.46) 19.04 (8.47)

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.

Notes: The table presents the results of the aggregate RIF-regressions based OB decomposition approach between German and Non-EU foreign workers based on log daily wages
for all considered percentiles. All coefficients and wage gaps above are multiplied by 100 for convenience and represent log percentage points. *** ** and * indicate statistical
significance at the 1, 5, and 10 percent level, respectively. Sampling weights are employed.
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Table 3.A.5: Detailed decomposition results, 2000/01

10th percentile 25th percentile 50th percentile 75th percentile 90th percentile
Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

Log wage gap 24.75%* (1.70) 16.01** (0.65) 14.65"** (0.35) 22.28*** (0.37) 30.22"* (0.54)
Pure composition effect

Age —0.95* (0.14) —0.84* (0.08) —0.30* (0.05) 0.05*** (0.05) 0.88"* (0.07)
Education 5.18** (0.23) 4.16* (0.14) 4.08*** (0.14) 7.01%* (0.28) 14.03** (0.07)
Work experience 3.92%* (0.28) 3117 (0.23) 1.60*** (0.16) 0.82%** (0.13) 0.23* (0.09)
Job tenure 0.34** (0.10) 0.32*** (0.08) 0.25** (0.07) 0.21** (0.09) 0.14 (0.09)
Collective bargaining —0.39 (0.33) —0.08 (0.09) —0.04** (0.02) —0.05** (0.01) —0.02 (0.03)
Plant size 0.33 (0.53) ~0.38" (0.23) 0.81% (0.12) —1.35" (0.12) —1.23 (0.14)
Occupation 1.13* (0.33) 2.46** (0.14) 3.13* (0.18) 5.45%* (0.35) 10.36** (0.71)
Sector 4.08"* (0.68) 2.09*** (0.24) 0.88™** (0.24) 1.51%* (0.31) 1.14* (0.51)
Foreign share 176" (0.40) —2.00"* (0.24) 057 (0.11) —0.43* (0.17) —0.72 (0.32)
Region —0.18 (0.74) 177+ (0.42) 0.22 (0.25) —0.31 (0.30) —0.19 (0.47)
Total 1170 (1.31) 10.58° (0.58) 843 (0.35) 12,91 (0.59) 24,61 (1.12)
Specification error 3.07 (2.53) 1.01 (1.09) 2.33* (1.20) 6.92** (1.75) 3.43 (2.61)
Pure wage structure effect

Total 7.30 (8.29) 4.00 (3.81) 5.12* (3.07) 5.74* (3.12) 3.95 (7.04)
Reweighting error 2.68 (3.52) 0.41 (1.69) —1.23 (1.89) —-3.29 (2.68) -1.77 (3.30)

Source: LIAB QM2 9317 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.

Notes: The table presents the results of the RIF-regressions based OB decomposition approach based on log daily wages for all considered percentiles in 2000/01. All coefficients
and wage gaps above are multiplied by 100 for convenience and represent log percentage points. *** ** and * indicate statistical significance at the 1, 5, and 10 percent level,
respectively. Sampling weights are employed.
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Table 3.A.6: Detailed decomposition results, 2004/05

10th percentile 25th percentile 50th percentile 75th percentile 90th percentile

Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

Log wage gap 22.37+ (1.14) 16.20"** (26.71) 14.11%* (0.39) 21.43** (0.41) 28.67** (0.63)
Pure composition effect

Age —2.09* (0.13) —1.15* (0.07) —0.60** (0.05) 0.06 (0.04) 1.83%** (0.10)
Education 4,21 (0.13) 3,49 (0.11) 3,84 (0.13) 6.51% (0.28) 12.32+ (0.71)
Work experience 4.38"* (0.22) 3.41% (0.18) 1.90*** (0.13) 0.79*** (0.909) —0.02* (0.05)
Job tenure 0.76™* (0.15) 0.52%** (0.10) 0.33"* (0.06) 0.22%* (0.05) 0.09"** (0.02)
Collective bargaining 0.14* (0.08) 0.12 (0.09) 0.02 (0.05) —0.05™ (0.02) —0.00 (0.00)
Plant size —0.19 (0.42) —0.54" (0.09) —0.96** (0.16) —1.34 (0.12) —0.98™ (0.12)
Occupation 2,94+ (0.18) 3.49** (0.16) 4.80% (0.18) 6.73*** (0.25) 10.41%* (0.45)
Sector 3.63* (0.40) 1.89*** (0.15) 0.52%* (0.11) 1.017** (0.19) —0.17 (0.37)
Foreign share 1647+ (0.12) 1.62+ (0.10) 225" (0.16) —0.32 (0.12) 205" (0.25)
Region —2.92* (0.44) —2.20" (0.18) —3.507 (0.24) ~1.03" (0.16) —3.18"* (0.31)
Total 13.41% (0.76) 10.65** (0.41) 8.58** (0.33) 12.58** (0.53) 22.34% (0.88)
Specification error 3.33 (2.27) 0.45 (1.17) 1.20 (0.98) 2.88* (1.38) 0.58 (3.17)
Pure wage structure effect

Total 2.96 (8.39) 3.62 (3.87) 4.19 (3.17) 7.15 (3.95) 7.66 (10.34)
Reweighting error 2.67 (2.56) 147 (1.56) 0.13 (1.45) —117 (221 ~1.90 (3.95)

Source: LIAB QM2 9317 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.

Notes: The table presents the results of the RIF-regressions based OB decomposition approach based on log daily wages for all considered percentiles in 2004/05. All coefficients
and wage gaps above are multiplied by 100 for convenience and represent log percentage points. *** ** and * indicate statistical significance at the 1, 5, and 10 percent level,
respectively. Sampling weights are employed.
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Table 3.A.7: Detailed decomposition results, 2008/09

10th percentile 25th percentile 50th percentile 75th percentile 90th percentile

Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

Log wage gap 24.98*** (1.16) 18.45+* (0.69) 15.36*** (0.46) 22.33** (0.46) 26.54*** (0.80)
Pure composition effect

Age —1.65"* (0.11) —1.16** (0.07) —0.83** 0.06() —0.24* (0.03) 1.06*** (0.08)
Education 3114 (0.11) 3474 (0.11) 3.88%* (0.11) 6.16* (0.22) 13.35% 0.67()
Work experience 4.70™* (0.21) 3.93* (0.17) 2,47+ (0.12) 1.23"* (0.06) 0.68"* (0.06)
Job tenure 0.52%* (0.06) 0.83*** (0.08) 0.67** (0.07) 0.35*** (0.04) —0.17 (0.03)
Collective bargaining 0.16** (0.08) 0.17* (0.08) 0.07 (0.04) 0.03 (0.03) 0.03 (0.03)
Plant size 0.73* (0.30) 0.14 (0.17) —0.18 (0.15) —0.32" (0.13) —-0.15 (0.11)
Occupation 0.73* (0.17) 2.94%* (0.11) 4.14%* (0.12) 6.88"** (0.20) 11.21%* (0.35)
Sector 7.16*** (0.34) 4.67* (0.21) 1.93%* (0.12) 0.53*** (0.16) —0.85** (0.36)
Foreign share —5.217 (0.52) ~0.03 (0.22) 2317 (0.20) —0.12 (0.08) 1617 (0.18)
Region 3.20"* (0.62) —1.99*** (0.28) —3.05*** (0.23) —1.05* (0.13) —2.77*** (0.27)
Total 13.55** (0.72) 12.97+* (0.54) 11.39*** (0.40) 13.45** (0.44) 23.99 (0.89)
Specification error 4.88** (1.69) 0.24 (0.97) 0.08 (0.75) 1.65 (1.25) —3.43 (2.17)
Pure wage structure effect

Total 4.19 (6.38) 3.61 (4.00) 4.31 (3.15) 7.15 (5.04) 7.01 (9.00)
Reweighting error 2.36 (2.36) 1.63 (1.37) 0.57 (1.07) 0.07 (1.57) —1.12 (2.77)

Source: LIAB QM2 9317 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.

Notes: The table presents the results of the RIF-regressions based OB decomposition approach based on log daily wages for all considered percentiles in 2008/09. All coefficients
and wage gaps above are multiplied by 100 for convenience and represent log percentage points. *** ** and * indicate statistical significance at the 1, 5, and 10 percent level,
respectively. Sampling weights are employed.
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Table 3.A.8: Detailed decomposition results, 2012/13

10th percentile 25th percentile 50th percentile 75th percentile 90th percentile

Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

Log wage gap 27,647 (0.91) 23.317 (0.71) 19.08" (0.49) 92,347 (0.51) 24.95" (0.78)
Pure composition effect

Age —0.99™ (0.16) —1.06™* (0.17) —0.57* (0.09) —0.27* (0.04) 0.48** (0.14)
Education 3.73% (0.14) 4477 (0.18) 3.74% (0.20) 5527 (0.36) 8.28" (0.72)
Work experience 4.28** (0.18) 5.61% (0.23) 292 (0.15) 0.64* (0.06) —0.11 (0.07)
Job tenure 0.76** (0.07) 1.27% (0.10) 1.18% (0.09) 1.06 (0.10) 0.48* (0.04)
Collective bargaining 0.22% (0.11) 0.22 (0.17) 0.06 (0.11) 0.06 (0.08) —0.07 (0.06)
Plant size ~1.23* (0.53) —0.74% (0.31) —0.51% (0.19) ~0.25 (0.023) —0.37 (0.28)
Occupation 1.99° (0.21) 3.84° (0.21) 4,63 (0.19) 6.46" (0.26) 12,417 (0.73)
Sector 5.93 (0.27) 5,88 (0.22) 3,45 (0.20) 1.62 (0.20) 1.00% (0.28)
Foreign share 1.87 (0.12) 1.38"* (0.17) —1.20"* (0.20) —0.25 (0.15) 0.63* (0.32)
Region —2.11% (0.20) —2.09"* (0.21) 0.55% (0.20) —0.56" (0.23) —0.89" (0.43)
Total 14407 (0.54) 1876 (0.54) 1426 (051) 1402 (0.63) 21807 (1.15)
Specification error 7.84** (1.87) 0.98 (1.20) —0.78 (0.91) 2.59* (1.36) —1.60 (2.71)
Pure wage structure effect

Total 2.42 (5.86) 1.59 (3.54) 412 (3.01) 6.19 (4.37) 6.73 (7.22)
Reweighting error 2.01 (2.41) 1.97 (1.47) 147 (1.25) ~0.46 (1.67) —2.03 (2.88)

Source: LIAB QM2 9317 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.

Notes: The table presents the results of the RIF-regressions based OB decomposition approach based on log daily wages for all considered percentiles in 2012/13. All coefficients
and wage gaps above are multiplied by 100 for convenience and represent log percentage points. *** ** and * indicate statistical significance at the 1, 5, and 10 percent level,
respectively. Sampling weights are employed.
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Table 3.A.9: Detailed decomposition results, 2016/17

10th percentile 25th percentile 50th percentile 75th percentile 90th percentile

Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

Log wage gap 26.62*** (0.71) 29.14%* (0.62) 27.25% (0.57) 2478 (0.57) 25.29*** (0.75)
Pure composition effect

Age —0.04** (0.02) —0.16** (0.05) —0.21* (0.08) —0.04 (0.05) 0.22** (0.09)
Education 1.95% (0.07) 266" (0.09) 3,06 (0.15) 4,43+ (0.27) 6.51" (0.44)
Work experience 3.89™* (0.13) 6.63* (0.16) 6.11"* (0.16) 2.81% (0.10) 1.75% (0.11)
Job tenure 1.47% (0.07) 2.04*** (0.08) 3.14* (0.11) 3.48*** (0.12) 2.24*** (0.10)
Collective bargaining 0.20** (0.03) 0.21** (0.07) 0.02 (0.08) 0.00 (0.00) 0.12% (0.04)
Plant size 0.20 (0.03) ~0.20 (0.20) 0.05 (0.23) 0.56* (0.26) 0.42* (0.22)
Occupation 2.18*** (0.16) 3.03** (0.14) 5.09** (0.16) 7.7 (0.23) 12.78** (0.48)
Sector 3.57* (0.18) 5.80%** (0.18) 6.06™** (0.22) 2.58** (0.32) 0.42 (0.60)
Foreign share 2.01* (0.15) 2.23 (0.22) —1.00** (0.11) —0.64** (0.06) —0.43"* (0.06)
Region —2.97 (0.21) —2.95" (0.27) 0.14 (0.14) —0.22 (0.16) 0.07 (0.19)
Total 11.98** (0.33) 19.30** (0.37) 22.48"* (0.45) 20.68"** (0.50) 2411 (0.76)
Specification error 9.25% (2.00) 4.32% (1.37) —0.41 (1.03) —2.31 (1.30) —5.37 (2.14)
Pure wage structure effect

Total 3.47 (4.85) 4.07 (4.02) 4.90 (3.20) 7.36 (4.02) 6.91 (6.91)
Reweighting error 191 (2.60) 144 (1.75) 0.29 (1.34) —0.96 (1.56) ~0.36 (2.41)

Source: LIAB QM2 9317 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.

Notes: The table presents the results of the RIF-regressions based OB decomposition approach based on log daily wages for all considered percentiles in 2016/17. All coefficients
and wage gaps above are multiplied by 100 for convenience and represent log percentage points. *** ** and * indicate statistical significance at the 1, 5, and 10 percent level,
respectively. Sampling weights are employed.
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Table 3.A.10: Detailed decomposition results, 2018/19

10th percentile 25th percentile 50th percentile 75th percentile 90th percentile

Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

Log wage gap 24.08*** (0.70) 26.90*** (0.61) 26.45*** (0.57) 26.56*** (0.53) 27.77+* (0.76)
Pure composition effect

Age —0.07** (0.03) —0.06 (0.05) —0.08 (0.08) 0.10* (0.06) 0.29* (0.08)
Education 2.18*** (0.09) 2.52%** (0.10) 3.09% (0.18) 3.49** (0.33) 5.34** (0.59)
Work experience 4.68"* (0.16) 6.28"** (0.16) 6.85"** (0.18) 3.28" (0.14) 1.87** (012)
Job tenure 1.91%* (0.10) 2.69*** (0.11) 4.40* (0.15) 4.63*** (0.16) 3.91% (0.15)
Collective bargaining 0.05** (0.02) 0.21* (0.06) 0.37%* (0.12) 0.19** (0.06) 0.31* (0.09)
Plant size —0.46* (0.16) —0.29 (0.21) —0.01* (0.30) 0.84*** (0.30) 1.55%* (0.28)
Occupation 1.74% (0.16) 3.36** (0.16) 4.76* (0.17) 7.67* (0.25) 13.99** (0.64)
Sector 4.14%* (0.15) 4.26™* (0.15) 447 (0.17) 1.66™** (0.20) —0.44 (0.29)
Foreign share 0.64** (0.14) 1.00*** (0.15) —1.78** (0.21) —0.73** (0.08) —0.19** (0.06)
Region —1.66"** (0.22) —2.50"" (0.23) 070" (0.21) —0.04 (0.12) —0.20 (0.15)
Total 13.15%* (0.30) 17.38** (0.35) 22,77 (0.48) 21.10"* (0.52) 26.43"* (0.92)
Specification error 4.83 (3.24) 5.21"* (1.27) —1.45 (1.09) —2.28* (1.32) —5.57 (2.41)
Pure wage structure effect

Total 3.77 (7.00) 2.74 (3.27) 4.71 (0.50) 8.69 (3.83) 8.54 (6.36)
Reweighting error 2.34 (4.21) 1.59 (1.87) 0.50 (1.57) —0.94 (1.85) —1.62 (3.10)

Source: LIAB QM2 9317 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.

Notes: The table presents the results of the RIF-regressions based OB decomposition approach based on log daily wages for all considered percentiles in 2018/19. All coefficients
and wage gaps above are multiplied by 100 for convenience and represent log percentage points. *** ** and * indicate statistical significance at the 1, 5, and 10 percent level,
respectively. Sampling weights are employed.
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Table 3.A.11: Aggregate decomposition results for metropolitan areas, actual and robustness check

10th percentile 25th percentile 50th percentile 75th percentile 90th percentile

Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

2016/17

Log wage gap 26.81 0.81 28.78 0.87 28.13 0.75 26.05 0.66 28.83 0.94
Composition effect 22.46 2.10 23.97 1.57 22.96 1.34 19.82 1.78 23.15 2.88
Wage structure effect 4.35 5.94 4.81 4.25 5.17 3.56 6.23 4.85 5.67 8.10
Robustness check

Log wage gap 26.74 0.89 28.73 0.86 28.07 0.73 26.16 0.65 28.93 0.94
Composition effect 22.44 2.10 23.95 1.56 22.80 1.33 19.79 1.77 23.40 2.85
Wage structure effect 4.29 5.96 4.78 4.23 5.27 3.54 6.37 4.83 5.52 8.05
2018/19

Log wage gap 23.24 0.98 25.66 0.80 25.30 0.84 26.92 0.67 28.78 0.95
Composition effect 19.85 2.56 22.18 1.62 20.96 1.49 20.58 1.84 23.95 3.20
Wage structure effect 3.38 7.33 3.48 4.47 4.34 4.09 6.37 5.01 4.83 9.06
Robustness check

Log wage gap 22.80 0.95 25.41 0.79 25.38 0.81 27.05 0.66 28.97 0.95
Composition effect 19.82 2.51 21.09 1.60 20.87 1.45 20.53 1.81 24.25 3.23
Wage structure effect 2.98 7.21 3.51 4.39 4.51 4.0 6.52 4.95 4.71 9.13

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.

Notes: The table presents the results of the aggregate RIF-regressions based OB decomposition approach for metropolitan areas. Both, the actual observed estimations and
results of a robustness check using the definition of metropolitan areas in 2015 are presented. All coefficients and wage gaps above are multiplied by 100 for convenience and
represent log percentage points. *** ** and * indicate statistical significance at the 1, 5, and 10 percent level, respectively. Sampling weights are employed.
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Table 3.A.12: Aggregate decomposition results for non-metropolitan areas, actual and robustness check

10th percentile 25th percentile 50th percentile 75th percentile 90th percentile

Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

2016/17

Log wage gap 26.92 1.11 29.03 0.76 27.05 0.88 22.66 1.08 17.06 3.08
Composition effect 21.96 1.91 24.26 2.52 21.11 1.81 16.72 2.28 13.06 3.08
Wage structure effect 4.96 6.27 4.77 7.93 5.94 5.52 5.94 7.15 3.99 10.10
Robustness check

Log wage gap 28.88 1.16 29.14 0.77 26.97 0.89 22.13 1.11 16.28 1.24
Composition effect 20.41 2.89 24.35 2.52 21.33 1.93 16.60 2.32 12.45 2.98
Wage structure effect 6.48 9.50 4.79 7.96 5.64 5.91 5.53 7.33 3.83 9.84
2018/19

Log wage gap 26.53 0.89 29.97 0.89 28.01 0.70 28.23 0.85 27.80 1.21
Composition effect 20.21 4.98 25.66 2.22 22.01 2.09 18.56 1.91 19.82 3.40
Wage structure effect 6.32 13.27 4.31 6.33 5.99 6.02 9.66 5.42 7.98 10.36
Robustness check

Log wage gap 27.46 0.91 30.45 0.89 28.06 0.73 27.90 0.88 26.67 1.28
Composition effect 20.28 4.92 25.41 2.36 20.80 2.33 17.88 2.02 19.03 3.41
Wage structure effect 717 13.32 5.03 6.82 7.25 8.84 10.02 5.87 7.64 10.41

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.

Notes: The table presents the results of the aggregate RIF-regressions based OB decomposition approach for non-metropolitan areas. Both, the actual observed estimations and
results of a robustness check using the definition of metropolitan areas in 2015 are presented. All coefficients and wage gaps above are multiplied by 100 for convenience and
represent log percentage points. *** ** and * indicate statistical significance at the 1, 5, and 10 percent level, respectively. Sampling weights are employed.
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Table 3.A.13: Robustness check using lagged presence of foreign population, 2000/01-
2008/09

2000/01 2004/05 2008/09

Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

10th Percentile

Total difference 24.75 1.70 22.37 1.14 24.98 1.16
Pure explained 11.70 1.31 13.41 0.76 13.55 0.72
Specification error 3.07 2.53 0.33 2.27 4.88 1.69
Foreign share -1.72 0.39 1.72 0.13 -5.18 0.52
25th Percentile

Total difference 16.01 0.65 16.20 0.61 18.45 0.69
Pure explained 10.59 0.58 10.65 0.41 13.21 1.14
Specification error 1.01 1.09 0.45 1.17 5.24 3.69
Foreign share -1.95 0.23 1.69 0.12 -0.03 0.22
50th Percentile

Total difference 14.65 0.35 14.11 0.39 16.36 0.46
Pure explained 8.53 0.35 8.58 0.32 11.39 0.40
Specification error 2.33 1.19 1.20 0.98 0.08 0.75
Foreign share -0.56 0.11 2.35 0.18 2.30 0.20
75th Percentile

Total difference 22.28 0.37 21.43 0.41 22.33 0.46
Pure explained 12.91 0.59 12.58 0.53 13.45 1.65
Specification error 6.92 1.75 2.88 1.38 1.65 1.25
Foreign share -0.42 0.16 -0.34 0.13 -0.12 0.07
90th Percentile

Total difference 30.22 0.54 28.67 0.63 26.54 0.80
Pure explained 24.61 1.12 22.91 3.37 24.00 0.90
Specification error 3.43 2.61 0.58 3.17 -3.34 2.17
Foreign share -0.70 0.31 2.15 0.26 1.60 0.18

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.
Notes: The table presents the results of the decomposition analyses using lagged data on the presence of foreign
population. The shares are multiplied by 100 for convenience. Sampling weights are employed. The results The shares are

multiplied by 100 for convenience. Sampling weights are employed.
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Table 3.A.14: Robustness check using lagged presence of foreign population, 2012/13-
2018/19

2012/13 2016/17 2018/19

Coefficient Robust Std. Err. Coefficient Robust Std. Err. Coefficient Robust Std. Err.

10th Percentile

Total difference 27.64 0.91 26.62 0.71 24.08 0.70
Pure explained 14.44 0.54 11.98 0.33 13.14 0.30
Specification error 7.84 1.87 9.25 1.99 4.83 3.24
Foreign share 1.86 0.12 1.94 0.14 0.64 0.14
25th Percentile

Total difference 23.30 0.71 29.14 0.62 26.90 0.61
Pure explained 18.76 0.54 19.30 0.37 17.38 0.35
Specification error 0.98 1.20 4.32 1.37 5.21 1.27
Foreign share 1.37 0.17 2.15 0.21 1.01 0.15
50th Percentile

Total difference 19.08 0.49 27.25 0.57 26.45 0.57
Pure explained 14.26 0.51 22.48 0.44 22.77 0.48
Specification error -0.78 0.91 -0.41 1.03 -1.54 1.09
Foreign share -1.20 0.20 -0.95 0.10 -1.80 0.21
75th Percentile

Total difference 22.34 0.51 24.78 0.57 26.56 0.53
Pure explained 14.02 0.63 20.68 0.50 21.08 0.52
Specification error 2.59 1.36 -2.31 1.30 -2.28 1.32
Foreign share -0.25 0.15 -0.62 0.06 -0.73 0.09

90th Percentile

Total difference 24.94 0.78 25.29 0.75 27.77 0.76
Pure explained 21.84 1.15 24.11 0.76 26.43 0.92
Specification error -1.69 2.71 -5.37 2.14 -5.57 241
Foreign share 0.62 0.32 -0.42 0.06 -0.19 0.05

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.
Notes: The table presents the results of the decomposition analyses using lagged data on the presence of foreign

population. The shares are multiplied by 100 for convenience. Sampling weights are employed.
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Table 3.A.15: Fixed effects estimation, 2000-2009

Overall Metropolitan Non-Metropolitan

Coeflicient Robust Std. Err. Coefficient Robust Std. Err. Coeflicient Robust Std. Err.

10th Percentile

Total difference 23.92 0.66 25.60 0.79 20.49 1.11
Pure explained 14.72 0.45 14.37 0.49 13.41 0.75
Specification error 1.22 1.12 2.86 1.31 -0.14 1.75
Foreign share -4.95 0.32 -4.82 0.34 0.05 0.02
25th Percentile

Total difference 16.43 0.29 17. 96 0.35 14.54 0.50
Pure explained 10.59 0.24 10.92 0.27 10.53 0.43
Specification error 0.69 0.53 0.96 0.61 0.81 0.74
Foreign share 0.94 0.11 0.71 0.11 2.59 0.12
50th Percentile

Total difference 14.69 0.18 17.18 0.23 11.62 0.29
Pure explained 8.82 0.15 9.89 0.20 7.80 0.26
Specification error 1.13 0.49 1.50 0.46 0.91 0.79
Foreign share 0.61 0.06 0.78 0.07 -0.64 0.08
75th Percentile

Total difference 22.09 0.19 25.16 0.23 17.47 0.28
Pure explained 12.53 0.02 14.48 0.25 9.91 0.34
Specification error 3.25 0.80 2.00 0.07 4.51 1.81
Foreign share 1.26 0.07 1.70 0.08 -2.06 0.10
90th Percentile

Total difference 29.41 0.27 32.56 0.34 22.38 0.44
Pure explained 22.03 0.43 26.56 0.55 17.68 0.81
Specification error 1.80 1.23 -0.72 1.42 -0.39 2.32
Foreign share 2.00 0.10 2.10 0.11 -2.70 0.17

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.
Notes: The table presents fixed effects estimation of the decomposition analyses restricted to the effect due to foreign
population for the period between 2000 and 2009. The shares are multiplied by 100 for convenience. Sampling weights are

employed.
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Table 3.A.16: Fixed effects estimation, 2012-2019

Overall Metropolitan Non-Metropolitan

Coeflicient Robust Std. Err. Coefficient Robust Std. Err. Coeflicient Robust Std. Err.

10th Percentile

Total difference 25.84 0.39 25.74 0.51 26.47 0.59
Pure explained 12.19 0.23 11.58 0.03 13.72 0.25
Specification error 8.10 1.15 7.79 1.37 8.97 1.61
Foreign share 2.48 0.29 2.03 0.36 -0.22 0.31

25th Percentile

Total difference 26.50 0.33 26.21 0.43 27.26 0.48
Pure explained 18.82 0.23 17.73 0.31 20.28 0.28
Specification error 2.98 0.74 3.81 0.80 3.51 1.11
Foreign share 0.90 0.23 0.81 0.27 -2.45 0.27
50th Percentile

Total difference 23.90 0.28 24.73 0.37 23.77 0.41
Pure explained 19.94 0.25 20.04 0.36 20.14 0.33
Specification error -1.90 0.59 -1.93 0.63 -2.05 0.92
Foreign share 1.44 0.18 2.04 0.24 -0.97 0.20
75th Percentile

Total difference 24.19 0.27 26.32 0.33 22.04 0.47
Pure explained 17.84 0.26 18.04 0.31 18.40 0.43
Specification error -0.87 0.72 -0.19 0.82 -2.83 1.04
Foreign share 0.25 0.16 1.14 0.19 -2.30 0.24
90th Percentile

Total difference 25.51 0.39 28.77 0.47 19.18 0.73
Pure explained 23.08 0.40 24.25 0.46 21.12 0.74
Specification error -3.76 1.24 -3.11 1.53 -5.56 1.91
Foreign share -1.01 0.25 0.35 0.29 -10.99 0.53

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.
Notes: The table presents fixed effects estimation of the decomposition analyses restricted to the effect due to foreign
population for the period between 2012 and 2019. The shares are multiplied by 100 for convenience. Sampling weights are

employed.
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Appendix 3.B
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Figure 3.B.1: Wage densities, by region

Source: LIAB QM2 9319, own calculations.
Note: The figure presents the kernel density estimations of the wage densities for workers in Metropolitan and Non-
Metropolitan regions between 2000 and 2019. Sampling weights are employed.
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Figure 3.B.2: Wage densities over time of German workers, by region

Source: LIAB QM2 9319, own calculations.
Note: The figure presents the kernel density estimations of the wage densities for German workers in Metropolitan and
Non-Metropolitan regions for 2000 and 2019. Sampling weights are employed.
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Figure 3.B.3: Wage densities over time of Non-German workers, by region

Source: LIAB QM2 9319, own calculations.

Note: The figure presents the kernel density estimations of the wage densities for Non-German workers in Metropolitan and
Non-Metropolitan regions for 2000 and 2019. Sampling weights are employed.
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Figure 3.B.4: Detailed decomposition of the explained part in metropolitan areas, 2000-
2019

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.
Notes: The different subfigures present the estimated results of the RIF-regressions based detailed OB decompositions in
metropolitan areas. Sampling weights are employed.
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Figure 3.B.5: Detailed decomposition of the explained part in non-metropolitan areas,
2000-2019

Source: LIAB QM2 9319 and Federal Bureau of Statistics (Destatis) (2021b), own calculations.
Notes: The different subfigures present the estimated results of the RIF-regressions based detailed OB decompositions in
non-metropolitan areas. Sampling weights are employed.
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Appendix 3.C

Robustness checks

Metropolitan areas. The regional specific decomposition analyses are based on the
definition of metropolitan regions of West Germany by the Initiative Circle European
Metropolitan Regions in Germany (IKM) (2022) in 2008 (Kawka, 2016), which is ap-
proximately the middle of the observed time period and therefore should provide suitable
information in total. However, due to economic progress during the last years, one could
argue that the estimation results could be biased. In the end of the period, the defined
non-metropolitan areas could contain ROR-regions that already exhibit characteristics
and wage structures of metropolitan areas resulting in, on average, higher wage differ-
entials. As a consequence of that, the decomposition analyses for pooled time points
2016/17 and 2018/19 are estimated using the division of metropolitan areas published by
the Initiative Circle European Metropolitan Regions in Germany (IKM) (2022) in 2015.
The estimated results show no differences regarding the size and decomposition of the

wage gaps (see Tables 3.A.11 and 3.A.12 in Appendix 3.A).

Presence of foreign population. Further, the decomposition analyses consider re-
gional differences in the presence of the foreign population in the same year. Possible
impact on wage differences probably evolve over time. Because of this and also in or-
der to circumvent possible biased estimated due to reversed causality, the decomposition
analyses are estimated using lagged data on shares of regional foreign population by two
years (see Tables 3.A.13 and 3.A.14 in Appendix 3.A). The estimated results reveal no
differences regarding the effect on explained and unexplained parts of detailed wage gap

decompositions.
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Pooled fixed effects estimations. In order to provide estimates of a model for all years
jointly, fixed effects estimations are additionally conducted for the decomposition analyses.
Therefore, two pooled time periods are defined, 2000-2009 and 2012-2019.%° The results
presented in Tables 3.A.15 and 3.A.16 in Appendix 3.A present mainly highly significant
positive effects due to the presence of foreign population in the overall sample supporting
the estimations presented in the main text. For the metropolitan area the results are
as well positive and significant indicating once more a possible relationship between a
higher presence of foreign population and higher wage gaps between German and Non-
German workers. On the opposite, the results for the non-metropolitan areas are mainly
negative or not statistically significant. Overall, the findings again support the results
of on average higher wage gaps between native and immigrant workers in metropolitan
areas compared to non-metropolitan areas. In this context, an additional fixed-effects
estimation is conducted as an additional robustness check on the higher wage gaps in
urban areas. Using the pooled sample of both areas, effects of a dummy variable indicating
metropolitan areas is statistically significant as well as positive and thus supporting once

again the above mentioned results.

35Due to a change in the reporting procedure of the social security agency, a considerable increase in
the number of missing values occurs in the years around 2010 in the underlying data. As a result of this,
the fixed effects estimation is divided into two subperiods.
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Chapter 4

Mind the Gap: Effects of the
National Minimum Wage on the

Gender Wage Gap in Germany

4.1 Introduction

With one of the highest observed unadjusted gender wage gaps in the European Union
and significant constant values over time, research on wage differentials between men
and women in Germany and possible ways to fight against it is still of high importance
(Eurostat, 2022). Existing literature has extensively investigated factors and causes that
drive gender wage gaps in Germany (see e.g. Antonczyk et al., 2010; Grandner and Gstach,
2015). In this context, higher shares of women in the low-paid sector and thus resulting
persistent gaps between men and women at lower wage levels are observed (see e.g. Boll
and Lagemann, 2019; Grabka and Schroder, 2019). The introduction of the national
minimum wage in 2015 in Germany should therefore show an impact on observable wage
differences between men and women. Thus, to which extent and in which parts of the
workforce this policy measure is effective in reducing wage gaps needs to be identified.
The paper contributes to the existing literature in several ways. The study provides
first evidence on the effects of the introduced national binding minimum wage in 2015 on
the observed gender wage gap in Germany. Further, the effects of subsequent increases in

the wage floor in 2017 and 2019 can be observed separately and thus specific results on the
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effectiveness of the minimum wage at different time points can be provided. Differentiating
between the East and the West of Germany allows not only to identify regional-specific
conditions before the introduction of the minimum wage but also reveals varied responses
in regional gender wage gaps. Most important, the applied method makes it possible to
provide new evidence on how decreases in the gender wage gap can be separated into an
effect due to changes in the observed characteristics and into an impact resulting from
the wage floor. Lastly, decomposition analyses identify implications of changes in the
components that drive the adjusted gender wage gap after 2015.

Using administrative data provided by the German Institute for Employment Re-
search, enables to provide detailed regional-specific estimates on the eligibility of male
and female workers for the introduced wage floor and to conduct counterfactual analyses
on the observed change in the gender wage gap after 2015. The applied type of difference-
in-differences analysis allows a specific separation of the impact on the gender wage gap
resulting from the minimum wage. Here, additionally to the actual observed wage dis-
tributions, counterfactual wage distributions introduced by DiNardo et al. (1996) with
constant characteristics of workers over time are estimated.

The presented descriptive statistics reveal on the one hand significantly higher gender
wage gaps in the lower half of the wage distribution for the West of Germany compared
to the East of Germany. On average, wage differentials between men and women up to
the median are 13 percentage points higher in regions of the West. At the same time,
descriptive analyses show significantly higher values of minimum wage bites for the East
of Germany, in particular for female workers. On the other hand, varied responses in
observed gender wage gaps after 2015 for the two different regions in Germany are identi-
fied. Overall, gender differentials at the lowest wages decrease by 2.46 and 6.34 percentage
points respectively in the West and East of Germany after the introduction of the min-
imum wage. Using counterfactual wage distributions with constant characteristics from
point in time before the introduction of the binding wage floor, it is possible to identify
specific separate effects. While for the West of Germany around 60% in the decrease can
be traced back to the minimum wage, even 95% of the change are explained by the wage

floor in the East of Germany. Distinguishing further between several groups of workers
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on the basis of educational levels, age and occupational activities it is possible to identify
further regional- and group-specific responses. In addition, the study provides evidence on
the effects of the two minimum wage increases in the years 2017 and 2019. Lastly, addi-
tional to the analyses of the overall observable unadjusted wage gaps, applying aggregate
decomposition estimations, this paper reveals indications for a decrease in discriminatory
remuneration between men and women in the West of Germany.

The remainder of this paper is structured as follows: Section 4.2 describes the min-
imum wage legislation in Germany and provides an overview on related literature. In
Section 4.3, information on the used data set is provided. General facts on the minimum
wage bite and the extent of wage differentials between men and women in Germany as
well as descriptive statistics are presented in Section 4.4. Further, in Section 4.5 the em-
pirical approaches are specified and finally, the empirical results are presented in Section

4.6. Discussion and conclusion of the estimated findings are provided in Section 4.7.

4.2 Minimum Wage and Related Literature

4.2.1 Germany’s Minimum Wage Legislation

The German government introduced a gross national minimum wage of €8.50 per hour
with the primary aim of raising hourly wages in the low-wage sector in January 2015. The
introduced Minimum Wage Commission regularly evaluates the value of the wage floor,
which should guarantee on the one hand an adequate remuneration of workers and on the
other hand functioning market competition without enforcing losses of jobs (see MiLoG
§9). Therefore, the minimum wage was steadily increased in the years 2017 (€8.84), 2019
(€9.19) (Mindestlohnkommission, 2016, 2018) and every year thereafter with a current
minimum wage of €12.00 since October 2022.! Before 2015, there were several sector-
specific minimum wage arrangements, such as in the mainstream construction industry
since 1997, in the property cleaning sector since 2007, the care sector since 2010 and in

the meat industry since 2014.2 With its introduction, the national minimum wage has

'For more information see https://www.mindestlohn-kommission.de/DE/Home/home_node.html.
2For more details see Wirtschafts- und Sozialwissenschaftliche Institut (WSI) Tarifarchiv,
https://www.wsi.de/de/mindestloehne-in-deutschland-15302.htm.
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a legal force across all regions and almost all sectors as well as affected directly around
11% of all jobs in Germany in 2015 (Destatis, 2016). Specific groups that are exempted
from the statutory minimum wage are trainees, most interns, volunteers, and long-term

3 For the very

unemployed within the first 6 months of employment (see MiLoG §22).
few cases of sectoral-specific minimum wage agreements that lie below the initial value of

€8.50 in 2015, a special transition period was allowed until 2017.

4.2.2 Related Literature

After many years of debate about possible threats on the German labour market, the
national minimum wage was introduced in 2015. The main argument of several critics
aimed at predicted decreases in employment with estimated job losses between 200,000
to over one million in the long run, with circa one fourth of job losses in the East of
Germany. These predicted job losses were especially seen among marginal as well as low-
and semi-skilled full-time workers (Bauer et al., 2009; Knabe and Schéb, 2009; Miiller and
Steiner, 2011). Further, assumed increases in consumer prices due to the introduction
of the minimum wage and a consequential rise of employers’ labour costs would have
counteracted any positive direct effect on households’ net incomes. Thus, opponents
of a general wage floor questioned the general effectiveness regarding the aimed fight
against poverty and decrease of income inequality (Knabe et al., 2014; Miiller and Steiner,
2008, 2013). In contrast to these arguments, supporters of the general minimum wage
emphasised the rapid expansion of the low-wage sector in Germany and the resulting social
distortions that should be compensated (see e.g. Bosch, 2007; Kalina and Weinkopf, 2014).
Studies on labour market responses to the minimum wage after its introduction provide
evidence that the general wage floor increases wages with at the same time hardly any
or no employment losses (Bossler and Gerner, 2020; Dustmann et al., 2022). Observed
job losses are mainly assignable to establishments in the East of Germany and those
that are exposed to strong competitive pressure (Borschlein and Bossler, 2019; Friedrich,
2020). Regarding the main target of achieving higher wages at the lower end of the wage

distribution, Bossler and Gerner (2020) reveal average wage increases of around 10% for

3For detailed information on the defined groups see MiLoG §22.

164



CHAPTER 4. MIND THE GAP: EFFECTS OF THE NATIONAL MINIMUM WAGE
ON THE GENDER WAGE GAP IN GERMANY

affected wage earners and a rise in average overall wages between 3.8% and 6.3% using
administrative data. Ahlfeldt et al. (2018) support these findings and present evidence on
spatial wage convergence. Wages in low-wage regions increase faster than in high-wage
areas with at the same time no significant relative job loss in these regions.

Regarding the overall aim of reducing observed wage disparities among the German
workforce, initial studies show that in the short run inequality reduction is not achieved
(see e.g. Caliendo et al., 2019; Grabka and Schroder, 2018). Expanding the period of
observation until 2017, Bossler and Schank (2020) identify impact of the minimum wage
on the recent decrease of inequality using difference-in-differences estimations. They show
that overall inequality measured by the variance decreased by 15% after the minimum
wage introduction and the reduction would have been only by around 8.5% with no
introduced wage floor. However, by not distinguishing between women and men, there is
no evidence on the development of between-group wage inequality. Ohlert (2018) provides
descriptive evidence on wage developments in the low-wage sector after 2015 by gender
and region. Whereas in the East of Germany wages of women increased more rapidly
than those of men, gender-specific differences in wage growth were not identified in the
West of Germany. Overall, it is shown that from 2014 to 2015 the observed gender wage
gap decreases from 22% to 19.3%. However, no causal impact due to the introduction of
the minimum wage is provided.

Caliendo and Wittbrodt (2022) identify first effects on the gender wage gap by the
minimum wage applying a regional difference-in-differences approach with data from the
Structure of Earnings Survey for the years 2014 and 2018. Thus, only joint estimations
for the effects resulting from the introduction of the wage floor and its first increase are
identified. In this context, the following study presents new evidence in several ways.
Having yearly data, it is possible to present estimates separately for the introduction of
the wage floor and its subsequent increases. Further, due to the applied counterfactual
difference-in-differences estimation strategy, it is possible to present regional-specific re-
sults for the West and East of Germany. Therefore, not only estimations for high-bite
regions are revealed. In addition, several group-specific results of the workforce can be

considered. As a result of the proposed estimation procedure, it is further possible to
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decompose the whole change in gender wage gaps in the effect that results from changes
in the composition of the workforce and in the effect due to the introduced minimum
wage. The study of Caliendo and Wittbrodt (2022) shows a significant reduction of 4.6
percentage points in the gender wage gap at the 10th percentile in high-bite regions, where
female workers are highly impacted by the minimum wage. These results are strongly in
line with international empirical literature on the impact of minimum wages on gender
wage gaps. Among others, DiNardo et al. (1996), Dex et al. (2000) and Majchrowska and
Strawinski (2018) reveal wage gap decreasing effects resulting from introduced or rising

minimum wages in the US, in the UK and Poland.

4.3 Data

The study is based on the weakly anonymous version of the Sample of Integrated Labour
Market Biographies (SIAB) with an overall period of observation from 1975 to 2019 (Berge
et al., 2021).* This administrative data set, provided by the Institute for Employment
Research (IAB), is a two percent random sample drawn from the social security records
of the Integrated Employment Biographies (IEB) in Germany. The data set consists of
mandatory notifications made by employers to social security agencies and thus provides
information about all individuals that are covered by the statutory retirement insurance.
Therefore, self-employed individuals, civil servants, and family workers are not considered.
Overall, the data represent approximately 80 percent of the German workforce.

The data set provides a rich set of information on several individual- and occupation-
specific characteristics. In particular, it contains information on gender, the year of birth,
the educational attainment, the type of contract (full-time or part-time employment) and
the region of work (federal state and district levels). Further, relevant information on

the employment related characteristics such as the type of occupation, the occupational

4Berge, Philipp vom; Frodermann, Corinna; Graf, Tobias; Grieemer, Stephan; Kaimer, Steffen; Kéh-
ler, Markus; Lehnert, Claudia; Oertel, Martina; Schmucker, Alexandra; Schneider, Andreas; Seth, Ste-
fan (2021): "Weakly anonymous Version of the Sample of Integrated Labour Market Biographies (STAB)
— Version 7519 v1". Research Data Centre of the Federal Employment Agency (BA) at the Institute for
Employment Research (IAB). DOI: 10.5164/IAB.STAB7519.de.en.vl. The data access was provided via
on-site use at the Research Data Centre (FDZ) of the German Federal Employment Agency (BA) at the
Institute for Employment Research (IAB) and subsequently remote data access.
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activity, as well as the number of days in employment and job are presented. Details on
the classification of economic activities, total number of employees and region of activity
of establishments are included as well.

The SIAB data set is structured by employment spells, which means that there are
two identifier-variables indicating the start date and the end date of the observation.
Using only the respective job spells referring to 30th June a yearly panel is created. If a
worker has more than one job at the point of observation, the following analyses only keep
the main job of the individual, which is defined as the job with the highest daily wage.
Observations with a wage of zero are not considered in the analysis as well. The sample is
restricted to women and men that are between 25 and 55 years old.® Using the Consumer
Price Index provided by the German Federal Statistical Office, wage information are
converted into constant 2015 Euros.

Several advantages of administrative data, such as a high number of observations, no
interviewer effects or survey bias as well as yearly data information, qualify the STAB data
set particularly for the underlying study. Nevertheless, the data set has two shortcomings
that have to be kept in mind. First, the underlying data on wage earnings is right-censored
at the contribution assessment ceiling of the social security system. In order to circumvent
this issue, the wage imputation method following the approach by Gartner (2005) can be
applied.® However, since the analysis focuses only on wage information of the lower half
of the wage distribution, no impact resulting of this characteristic is expected. Second,
there is no precise information on the number of hours worked per month or week. Thus,
the study is restricted to full-time working individuals, which follows common procedure
in existing literature on minimum wage and gender wage gap research in Germany (see
e.g. Blomer et al., 2018; Caliendo and Wittbrodt, 2022; Weyh et al., 2022).7

The study considers the following individual explanatory factors. Workers are clas-

5Following existing literature the age is restricted in order to circumvent possible gender-specific
differences in period of education and retirement (see e.g. Schrenker and Zucco, 2020; Selezneva and
Van Kerm, 2016).

6Using this method in order to impute wages, yearly tobit estimations by gender above the social
security threshold are estimated controlling for standard factors such as age, education, tenure and
occupational field.

"Workers in part-time employment, which is defined as working less than 30 hours per week, are
excluded in order to increase comparability.
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sified in age groups®, groups in accordance with their educational level (three dummy
variables?) and by nationality. Regarding the individual work experience, groups for days
in employment and days of job tenure are considered!®. Further, 14 different occupa-
tional segments based on the 2-digit Classification of Occupations 2010 (Klassifizierung
der Berufe 2010, KIdB 2010) as well as four different groups of occupational activities!!
are taken into account to control for occupation related effects. Firm-specific properties
such as the economic sector (19 groups based on the Classification of Economic Ac-
tivities, WZ 2008) and the firm size (six dummy variables'?) augment the explanatory
factors. Regional-specific effects are controlled by dummy variables indicating the federal
state. For descriptive statistics information on the district of employment is used.'® In
order to increase the regional number of observations on a yearly and district-level basis,
the regional-specific data is aggregated at the level of German spatial planning regions,
,Raumordnungsregionen“ (ROR).! This aggregation summarises districts defined by the
NUTS (Nomenclature of Territorial Units for Statistics) classifications that belong to a

specific economic center and its surrounding areas (BBSR Bonn, 2019).'5

4.4 Descriptive Evidence

The following section presents descriptive evidence on regional and gender-specific mini-
mum wage bites as well as gender wage gaps in Germany. Further, descriptive statistics

are presented and characteristics of minimum wage workers are identified.

Minimum wage bite. With the introduction of the national minimum wage in Ger-

8(1) 25-34 years, (2) 35-44 years and 45-55 years.

9(1) Low: lower/middle secondary without vocational training; (2) Medium: lower/middle secondary
with vocational training or upper secondary with or without vocational training; (3) High: university of
applied sciences or traditional university.

10(1) < 2 years, (2) 2-4 years, (3) 4-8 years (4) 8-16 years (5) > 16 years.

(1) unskilled activities, (2) specialist activities, (3) complex activities, (4) highly complex activities.

12(1) 1-9 employees; (2) 10-49 employees; (3) 50-199 employees; (4) 200-999 employees; (5) 1000-4999
employees; (6) >5000 employees.

BDue to its particular sensitivity with regard to data protection legislation, this variable is only
available on application, see Berge et al. (2021).

14The German spatial planning regions are called ROR-regions thereafter.

15 A detailed graphical depiction of the defined ROR-regions with their respective districts is provided
by the BBSR Bonn (2019).
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(a) Minimum wage bite, overall sample
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(1.94,2.33) (8.74.9.52) (8.08,8.73)
[1.14,1.93) (6.98,8.07) [4.67,6.97)

(b) Minimum wage bite, men (¢) Minimum wage bite, women

Figure 4.1: Estimated minimum wage bite for different groups, 2013/14

Source: STAB7519, own calculations.

Notes: The different subfigures present the estimated results of the overall minimum wage bite (in percent) as well as for
men and women separately at the level of ROR-regions.

many, it is necessary to show who and which regions are especially affected by the defined
wage floor. Therefore, in Figure 4.1 the minimum wage bite at the level of German spa-

tial planning regions is presented.'®17 In detail, the shares of male and female workers

that earn less than the specified minimum wage in the pooled time point 2013/14 are

16The minimum wage bite is estimated on the basis of hourly wages. Considering only full-time
employed individuals, the information on hours worked for administrative data by gender provided by
Dustmann et al. (2022) are used to transform daily wages.

17German spatial planning regions summarise districts defined by the NUTS (Nomenclature of Terri-
torial Units for Statistics) classifications that belong to a specific economic centre and its surrounding
areas (BBSR Bonn, 2019).
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presented.’® In Figure 4.1 (a) the average minimum wage bite for both men and women,
ranging between 2.74% and 18.66%), is revealed. Overall, it can be seen that there is a sig-
nificant trend towards higher wage bites in the East of Germany. Further, distinguishing
between men and women in Figures 4.1 (b) and (c¢) a more varied picture emerges. While
still higher fractions of wage bites for men are observable in the East and also the North
of Germany, overall higher values are revealed for women. Female workers are highly
affected by the implemented national minimum wage especially in the East of Germany
with minimum wage bites being on average three times higher than their male counter-
parts. In addition, in the West of Germany there are specific regions, where women as
well are stronger influenced by the wage floor. These regions are in the North and centre
of Germany as well as near to the border. Additional to the usual procedure in existing
literature to separate between the East and the West of Germany, due to different charac-
teristics of the regional labour markets, the identified differences regarding the observed

minimum wage bite result in subsequent analyses that are conducted separately.

Gender wage gap. The second factor that is observed in this study is the gender wage
gap and its development in Germany during recent years. First of all, the developments
of differences in pay between men and women from 2012 until 2019 at different parts of
the wage distribution are presented in Figures 4.2 (a) and (b) for the West and East of
Germany.'® Overall, a general trend of decreasing wage gaps between men and women in
the West of Germany is observable, ranging between 26.68% and 17.14%. Wage differen-
tials at the 10th percentile visibly decrease further after 2014 with the introduction of the
minimum wage in 2015. In addition, with the subsequent increases of the minimum wage
in 2017 and 2019, there are visible kinks in the development of the gender wage gap at
the lowest wages. Regarding wage differences at the 25th percentile and the mean similar
trends are revealed, albeit to a smaller extent. For the East of Germany, a significant

drop of the wage gap at the 10th percentile is identified in 2015. Further, visible kinks

18Pooled time point are used, since in 2014 already an increase in wages in anticipation to the introduced
wage floor in 2015 is observable (see e.g. Kubis et al., 2015). Thus, this strategy results in higher sampling
precision in order to draw valid conclusions on the overall effect.

19The gender pay gap is estimated as the difference between gross daily wages of men and women
expressed as a percentage of gross daily earnings of men.
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that are more pronounced compared to the West of Germany are observable in the years
of minimum wage increases. Looking at wage differences at the 25th percentile, an overall
downward sloping trend is revealed. In contrast to this, the mean wage gap remains more
or less constant over time. Comparing both figures, overall smaller differences in wages
in the East of Germany are identified. On average, gender wage gaps in the lower half
of the wage distribution are 12.3 percentage points smaller in the East compared to the

West of Germany.
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(a) West of Germany (b) East of Germany

Figure 4.2: Gender wage gap at the 10th, 25th percentile and mean, 2012-2019

Source: STAB7519, own calculations.
Notes: The figure presents the overall estimated gender wage gap at 10th, 25th percentile and mean between 2012 and
2019.

Since the introduced wage floor most likely primarily affects lowest wages, regional
gender pay gaps at the 10th percentile are presented in Figures 4.3 (a) and (b) before
and after the introduction. On average, significant higher wage gaps between men and
women are present in the West of Germany, especially in the middle and south, in both
time points. Looking at the change of observed wage differentials between 2013/14 and
2015/16 in Figure 4.3 (c) the highest decreases are observed in the East of Germany. The
overall values in this area are very similar across all regions with the exception of Berlin
and its surroundings. In contrast to this, the results for the West of Germany show a
more diverse picture. There is a mix between regions, where gender wage gaps on the
one hand stay rather constant or even increase between 2013/14 and 2015/16. On the

other hand, there are also regions, where observed differences in wages between men and
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Figure 4.3: Regional differences, gender wage gap

Source: STAB7519, own calculations.
Notes: The different subfigures present the estimated gender wage gaps on the level of ROR-regions for the pooled time
points 2013/14 and 2015/16. Further, the corresponding change in the gender wage gap over time is presented.

women decrease over time.
Descriptive statistics. Table 4.1 presents the descriptive statistics for the selected
pooled time points 2013/14 and 2015/16 by gender and region. On average, there are

significant lower wage levels in the East of Germany compared to the West of Germany.

Further, wage differentials between men and women are identified as well, with higher
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values in the West of Germany. Regarding the age of the workforce no major differences
are presented, except slightly younger women in the West of Germany compared to their
male counterparts. In the East of Germany, there are on average fewer workers in the
lowest educational level with at the same time higher fractions in the medium educational
level. Overall, no distinct differences in educational attainment between men and women
are identified. Except, in the East of Germany an observable higher fraction of women
exhibits the highest level of education. Regarding the share of workers with a foreign na-
tionality higher values in the West and among men are presented. This group of workers
also shows an on average higher number of days in employment and job. Women in the
West of Germany and workers in the East have similar days of tenure and no changes over
time are revealed. In general, there are more men exercising unskilled activities. Women
in the West of Germany are predominantly located in the group of specialist activities
with at the same time lower shares in the upper two occupational levels compared to
men. In contrast to this, women in the East of Germany show higher fractions in higher
occupational activities compared to men. On average, men in the West of Germany work
in firms with higher numbers of employees, whereas the opposite holds true for the East

of Germany albeit with overall smaller values.

Characteristics of minimum wage workers. In advance to the empirical analyses,
information on workers that are eligible to the wage floor before its introduction is pre-
sented in the following. Results of this analysis provide insights in groups of workers
that are particularly affected by the introduction of the minimum wage. Estimating logit
regression frameworks, where the dependent variable is a dummy variable being one if
the observed worker earns less than the introduced minimum wage, several characteristics
are taken into account. Table 4.A.1 in Appendix 4.A summarises the resulting average
marginal effects of the whole sample and two subsamples differentiating between men and
women.

The estimated effects of the overall sample provide evidence of a higher probability
to be affected by the introduced minimum wage if workers are located in the East of

Germany and are female. These results support the inference drawn from the descriptive
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Table 4.1: Descriptive statistics by gender and region, 2013/14 and 2015/16

2013/14 2015/16
West East West East
Men Women Men Women Men Women Men Women
‘Wages:
Daily 137.48 103.76 96.28 87.89 141.12 107.98 100.59 91.83
(91.15) (55.34) (61.44) (47.99) (94.19) (58.21) (62.83) (47.22)
Age:
41.43 39.83 41.13 41.74 41.36 39.75 41.01 41.48
(8.69) (9.38) (8.98) (9.24) (8.86) (9.50) (8.98) (9.30)
Education:
low 6.32 5.92 2.70 2.35 6.61 5.91 3.17 2.51
(24.33) (23.60) (16.21) (15.15) (24.84) (23.58) (17.51) (15.63)
middle 72.54 72.49 78.79 73.30 71.56 70.72 77.82 72.01
(44.63) (44.65) (40.88) (44.24) (45.11) (45.50) (41.55) (44.89)
high 21.14 21.59 18.51 24.35 21.83 23.37 19.02 25.49
(40.83) (41.14) (38.43) (42.92) (41.31) (42.32) (39.24) (43.58)
Foreign nationality:
9.65 7.44 2.85 2.56 10.73 8.36 3.89 3.34
(29.53) (26.23) (16.63) (15.79) (30.94) (27.67) (19.35) (17.98)
Tenure:
Days in employment 6132.85 5483.14 5313.47 5314.24 6077.32 5469.17 5406.45 5423.40
(3263.87) (3135.73) (2620.17)  (2536.72) (3305.11) (3179.48) (2811.78) (2734.45)
Days in job 2942.09 2472.80 2459.13 2543.14 2906.27 2430.50 2463.45 2522.77

(2819.57)  (2495.70) (2319.61) (2379.97) (2828.08) (2502.21) (2386.77) (2451.16)
Occupational level:

Unskilled activities 11.51 10.49 10.85 8.51 11.59 10.16 11.14 8.41
(31.91) (30.63) (31.10) (27.90) (32.01) (30.21) (31.46) (27.75)
Specialist activities 54.93 61.29 61.11 60.17 54.50 60.84 60.24 60.06
(49.75) (48.71) (48.75) (48.96) (49.79) (48.81) (48.94) (48.98)
Complex activities 17.21 14.79 13.92 15.64 17.30 15.08 14.16 15.60
(37.74) (35.50) (34.62) (36.33) (37.82) (35.78) (34.86) (36.29)
Highly complex activities 16.35 13.43 14.12 15.68 16.62 13.93 14.47 15.92
(36.99) (34.09) (34.82) (36.36) (37.22) (34.62) (35.18) (36.58)
Plant size:
1510.04 888.49 402.27 450.38 1577.18 931.25 429.55 482.43
(5820.64) (3789.07) (1193.73)  (1146.79) (6241.70)  (4040.08) (1289.02) (1272.71)
Number of observations 344,204 152,375 70,290 43,084 344,675 152,330 70,954 41,794

Source: STAB7519, own calculations.
Notes: The table presents descriptive statistics for selected variables in 2013/14 and 2015/16 by gender and region. The
wage variable presents information on gross daily wages and shares are multiplied by 100 for convenience.

statistics analyses before. For workers with a foreign nationality in the overall sample no
clear effect is revealed. Regarding school education and the age of workers a clear trend
towards a higher risk for less educated and older individuals is identified. Less tenure in
the practised profession and few years of work experience as well increase the probability

being a minimum wage worker. The practiced requirement level has a significant effect
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deteriorating the remuneration possibilities, especially being a worker exercising unskilled
activities. Economic industries that noticeably increase the probability of being a mini-
mum wage worker are in the field of food and hospitality, craft/trade, security, traffic and
logistic as well as in the security sector. The plant size shows that the smaller the number
of employees the higher the risk to be rewarded with the wage floor.

Having a look at men and women separately, overall similar results regarding the
general trends can be seen. However, regarding the size of the respective effects differences
emerge. For women in the East of Germany it is more likely to be affected by the wage
floor than for their male counterparts. While there was no clear effect for foreign workers
in the overall sample, the effects have opposing trends for women and men separately.
However, both effects are relatively small. It also seems that lower educated women
and older men are exposed to higher risk earning the introduced wage floor. Whereas the
effects of years of job experience are more or less the same between men and women, it can
be seen that fewer years of overall work experience for women pose a significantly higher
risk on being a minimum wage worker. This observation also holds true for the exercised
requirement level and especially for the plant size. When it comes to the economic sectors

overall similar results are identified.

4.5 Empirical Approach

This section presents empirical approaches applied in the study. First of all, the reweight-
ing procedure introduced by DiNardo et al. (1996) is defined in order to provide difference-
in-differences estimations on unadjusted gender wage gaps. In this case, actual wage dis-
tributions before and after the minimum wage introduction as well as counterfactual wage
distributions are estimated. In order to assess the effects on adjusted wage differentials
between men and women in Germany, a reweighted Oaxaca-Blinder decomposition frame-

work using recentered influence functions regressions is presented in a second part.

Counterfactual difference-in-differences analysis. The aim of this empirical analysis

is to separate the effect of the minimum wage from the effect due to overall changes in
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observed characteristics on decreases in the gender wage gap. Estimating counterfactual
wage distributions, it is possible to provide results on the effectiveness of the introduced
wage floor in Germany with regards to reducing wage differentials.

First of all, the overall observed change in the gender wage gap, GWG, at a specific

percentile, v, between two points in time, t = 0, 1, is defined by:

AGWG, = GWG.1 — GWG,,, (4.1)

where the gender wage gap in each point in time results of GW G, = (wy i vi—Ws 0 w) /We 0
with w. ; , being the wage of men, g = M, or women, g = W, at a specific wage percentile
and point in time ¢.2°

Observed wages of men and women are influenced by numerous factors. In the un-
derlying analyses the estimated wage gaps are therefore a function of several explanatory

variables, X; 4, by time and gender as well as a policy measure, F;, which is the introduced

minimum wage in 2015. As a result, equation (4.1) can be rewritten as:

AGWG»Y = GWG%l(Xl,M; X17w; Pl) — GWG%()(XO’M; XQ7W; PQ) (42)

From this equation it could be argued that if individual characteristics stay constant
during the introduction of the minimum wage, the overall estimated change in the gender
wage gap can be ascribed to the wage floor. However, due to possible changes in the
composition of the workforce over time, this assumption does not hold true. Therefore,

counterfactual estimations have to be added to the analysis.

C

~.g» by gender and at a specific percentile,

In order to estimate counterfactual wages, w
the procedure introduced by DiNardo et al. (1996) is applied. In this case, counterfactual
wage distributions are estimated using a reweighting function. To start with, the actual
densities of wages, F(.), before and after the introduction of the minimum wage are

observed. These are in general divided into a wage function y(.) and a composition

20Tn order to present the gender wage gaps in percent, the defined expression is multiplied by 100.

176



CHAPTER 4. MIND THE GAP: EFFECTS OF THE NATIONAL MINIMUM WAGE
ON THE GENDER WAGE GAP IN GERMANY

function A(.):

Flult, = 0,tn = 0)y = [ y(wlX,t = 0), h(X|t =0), dX (4.3)

Flwlt, = 1ty =1), = /y(w|X,t — 1), h(X|t = 1), dX, (4.4)

where y(w|X,t =0, 1), is the density of wages and h(X|t = 0, 1), defines the density of
characteristics in a specific year of either men or women.

In order to get a counterfactual wage distribution F(.), where the characteristics of
point in time ¢ = 0 are held constant and only the wage structure changes to point in

time t = 1, a reweighting function 1[39 is applied:

FO(ulty = 1.ty = 0), = [y(w]X,t = 1), A(X|t = 0), dX

= [yl Xt =1), v, (X,) h(X|t=1), dX,  (45)

where 1), is defined as the fraction h(X|t = 0),/h(X|t = 1),.

1, is estimated as follows:

. (X[t =0),
=),
_ Pr(t=1) Pr(t =0[X,)
- Pr(t=0)Pr(t=1X,)’

(4.6)

where Pr(t = 0) and Pr(t = 1) are the shares of the respective observations of one point
in time in a pooled sample as well as Pr(t = 0|X,) and Pr(t = 1|X,) are estimated
from a logit regression framework. With the estimated counterfactual wage distributions

of men and women it is possible to estimate counterfactual wages, w®, , and thus the

71,97

counterfactual gender wage gap GWG%.
The combination of the two actual observed gender wage gaps before and after the

minimum wage introduction with the estimated counterfactual wage gap leads then to a

type of difference-in-differences estimation. Equation (4.2) can be thus divided into two
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parts:2!

AGW Gy = GWG 1 (Xiar; Xows Pr) — GWGS (Xoar; Xows Pr)

Change due to changes in workers’ characteristics

+ GWG»?J(XO,M; X07W; Pl) — GWG%()(XO’M; XO,W; PO) . (47)

Change due to minimum wage introduction

In the first part, the introduced policy measure is considered in both gender wage gap
estimations and only the characteristics change, which results in the so-called endowment
effect. The second part represents the effect that results due to the introduced minimum
wage. Since the characteristics are held constant over time, the only part that changes is
the status of the policy measure.

Estimating the impact of the introduced wage floor at different parts of the wage
distribution enables to reveal specific consequences regarding the change in the gender
wage gap for different wage groups. Thus, especially the effects on targeted groups in the
low-paid sector, that should benefit from this policy measure, can be identified and quan-
tified. Further, restricting on specific subgroups in the sample, effects depending on the

observed region, age group, educational level and occupational activity can be computed.

Counterfactual decomposition of the gender wage gap. On the basis of the stan-
dard decomposition method introduced by Oaxaca (1973) and Blinder (1973) the following
empirical analysis divides the overall, unadjusted, gender wage gap at the mean, GWG 4,
into an explained and an unexplained effect.??:23

In a first step, earnings functions are estimated separately for men and women, where

several explanatory variables, X, are considered. The linear wage setting regression

2Tn order to show the effect of a minimum wage on the gender wage gap, similar estimation procedures
are proposed by Majchrowska and Strawinski (2018) and Bargain et al. (2019) using counterfactual
distributions.

22In the following, the standard Oaxaca-Blinder decomposition at the mean is presented as a baseline
model.

ZIn the majority of existing literature, this estimation strategy is referred to as the Oaxaca-Blinder
decomposition. However, this overlooks the earliest contribution in this context made by Kitagawa (1955).

178



CHAPTER 4. MIND THE GAP: EFFECTS OF THE NATIONAL MINIMUM WAGE
ON THE GENDER WAGE GAP IN GERMANY

model is defined as follows:

(@) a0 = By + BuXar + vu (4.8)

In(w)w,; = Biy + Bw Xw + vw, (4.9)

where [n(w)y, and In(w)w, denote log daily average wages of men and women, respec-
tively. Further, 324 and BSV define the respective constants and vy, and vy are the
residuals.

In a second step, after some transformation, the aggregate decomposition of the gender

wage gap in point in time ¢ is estimated by:

GW G,y = In(w) sy — In(w)w,

= (XM,t - XW,t)BM,t + XVV,t(BM,t - Bw,t) + (BRM - BIQV,t)? (4.10)
explained unexplained
ef fect ef fect

where the first component of the equation defines the explained part of the gender wage
gap. This endowment effect is the result of differences in observable characteristics be-
tween men and women. The second component represents the unexplained effect that
arises on the one hand due to differences in remuneration between men and women de-
spite the same endowment and on the other hand due to the constant term. The latter
part results from factors that possibly describe the estimated gender wage gap but are
not included in the dataset.?*

In the context of an aggregate decomposition, the change in gender wage gaps between

two points in time is then defined by:

GWG 1 — GWGo = [(Xarn — Xwa)Bura + Xwa(Barn — Bwa) + (B0 — B1)] (4.11)

— [(Xaro — Xw0)Baro + Xwo(Baro — Bwo) + (BJ(\)/IO - Bgvo)]

24The initial proposed decomposition analysis by Oaxaca (1973) and Blinder (1973) defines the male
wage structure as the non-discriminatory wage structure. However, at the same time the wage structure
of women or combined weighted wage structures as proposed by Reimers (1983) and Cotton (1988) can
be used estimating the aggregate decomposition. Thus, the empirical analyses on the decomposition of
gender wage gaps in Section 4.6 provide several robustness checks using alternative wage structures.
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In a final step the counterfactual sample is added. Thus the type of difference-in-
differences estimation strategy can be estimated in order to show the effect of the intro-

duced minimum wage on the adjusted gender wage gap:

GWGu1 — GWGuo = {GWG,1 — GWG } + {GWG, — GWG 0} (4.12)
= {[(Xar1 — Xw1)Bara + Xwa (Bars — Bwa) + (5?4,1 - Bg[/,l)]
— (X0 — Xwo)Bara + Xwo(Bara — Bwa) + B3y — B}
+ {[(Xar0 — Xwo)Barn + Xwo(Bara — Bwa) + (81 — Bl

— [(Xnro — Xwo)Baro + Xwo(Baro — Biwo) + (B30 — Bovo)]}-

As in equation (4.7), the first component of the equation represents the effect due to
changes in the composition of characteristics and the second component represents the
effect of the minimum wage on the gender wage gap. Using the counterfactual sample,
changes in the aggregate decomposition due to the introduction of the minimum wage can
be revealed. Differentiating between the actual and counterfactual samples, it is possible
to make statements how the binding wage floor might influence the unexplained wage gap
and the relating thereto trend of discrimination.

In order to estimate gender wage gaps away from the mean, the recentered influence
functions (RIF) regressions approach introduced by Firpo et al. (2018) is applied. In
this case the standard Oaxaca-Blinder decompositions are estimated using coefficients
of unconditional (quantile) partial regression models. The above presented estimation

analyses are then adjusted accordingly.?’

4.6 Empirical Results

This section presents the results of the estimated type of difference-in-difference analyses
using counterfactual wage distributions on the impact of the introduced wage floor on
the observed gender wage gap in Germany. Differentiating between various groups of

workers, detailed responses of gender wage gaps on the implemented minimum wage can

% Detailed information on the estimation strategy of RIF-regressions and the relating thereto aggregate
decomposition can be found in Fortin et al. (2011).
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be assessed. Further, estimations on the impact of increases in the wage floor in 2017 and

2019 as well as counterfactual aggregate decomposition results are presented.

4.6.1 Gender Wage Gaps of the Overall Sample

Figure 4.4 shows the estimated results separately for the West and Fast of Germany
as well as for different percentiles in the lower half of the wage distribution.?%:27:28 The
gender wage gap at the 10th percentile overall decreases by 2.46 percentage points in the
West of Germany and by 6.34 percentage points in the East of Germany between 2013/14
and 2015/16. Using the defined reweighting method in order to fix the distribution of
characteristics at the level before the introduction of the wage floor, it is possible to
divide the overall change on the one hand into an effect due to the binding minimum
wage and on the other hand into an effect due to changes in the observed characteristics.
As a result of this estimation strategy, it is revealed that around 60% in the decrease in
wage differentials at the 10th percentile in the West of Germany are explainable by the
minimum wage introduction. In contrast to this, in the East of Germany even 95% can be
traced back to the effect resulting from the wage floor. A similar picture emerges for wages
at the 25th percentile, where the gender wage gaps decrease by around 1.6 percentage
points in both regions. However, whereas 72% of this decrease are traceable back to the
wage floor in the East of Germany, the majority of the decline (59%) is explained by
changes in the characteristics of the observed workers in the West of Germany between
2013/14 and 2015/16. Whereas for median wages no changes in the gender wage gap are
observable in the East of Germany, wage differentials decrease by one percentage point in
the West of Germany during the observed period of time. Again, the majority is explained
by changes in characteristics (68%).

Table 4.A.2 in Appendix 4.A supports the above described trend with higher effects in

26 A1l detailed results of Figures 4.4 to 4.8 are presented in Tables 4.A.4 to 4.A.8 in Appendix 4.A. For
the sake of clarity, the group-specific results on age, educational level, occupational level and minimum
wage increases only present the estimated gender wage gaps. The respective underlying percentile wages
are all highly significant.

27Since the minimum wage addresses wages in the low-paid sector, the study is restricted to results of
the gender pay gap up to the median as similarly done by Caliendo and Wittbrodt (2022).

28 Additionally estimated RIF-regressions based Oaxaca-Blinder decompositions, where the dependent
variable is the daily wage, support the presented estimation results of actual and counterfactual wages
at different percentiles.
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Figure 4.4: Change in gender wage gaps in the Fast and West of Germany

Source: STAB7519, own calculations.
Note: The two subfigures present the estimated results of the difference-in-differences analysis using a reweighted distribution

distinguishing between the East and the West of Germany.

the East of Germany. Results of the counterfactual difference-in-differences estimation on
the level of federal states show distinct differences in magnitudes. The highest reduction of
the gender wage gap at the 10th percentile is seen in Saxony-Anhalt with -8.42 percentage
points, where the minimum wage effect explains about 89%. Other federal states in the
East of Germany (except Berlin) provide estimates between 5 and 7 percentage points in
decreases of gender pay gaps at the lowest wage level. In contrast to this, estimates for
the West of Germany range between -0.14 (Hamburg) and -4.84 (Saarland) percentage
points, where between 25% and 81% of the reductions are impacted by the minimum
wage. Exceptions are Bremen and Berlin, where gender wage gaps show no decreases at
the 10th percentile.

Other regional differences are presented in Table 4.A.3, where it is differentiated be-
tween metropolitan and non-metropolitan areas.?? In general, higher values of decreases
are identified for non-metropolitan areas in both the East and the West of Germany at the

10th percentile. Further, the effects resulting from the minimum wage are as well higher

29The definition of metropolitan regions in 2008 is based on the information provided by the Initiative
Circle European Metropolitan Regions in Germany (IKM) (2022) and Kawka (2016).
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in rural areas (West Germany: 65%, East Germany: 93%) leading to larger reductions
of differences in pay. Whereas at higher wage levels this relationship is also seen in the
East of Germany, the results for metropolitan and non-metropolitan areas in the West of

Germany are more or less similar.

4.6.2 Gender Wage Gaps Among Specific Groups
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Figure 4.5: Change in gender wage gaps in the East and West of Germany by educational

levels

Source: STAB7519, own calculations.
Notes: The different subfigures present the estimated results of the difference-in-differences analysis using a reweighted

distribution distinguishing between different educational levels.
As presented in the descriptive section on the characteristics of minimum wage work-
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ers (see Table 4.A.1), there are specific groups of workers that are at higher risk to be
affected by the implemented wage floor. Therefore, the following analyses focus on par-
ticular groups of the workforce in order to show possible varied responses. At first, Figure
4.5 presents the results on the counterfactual estimations separately for workers of three
educational levels. Again, it can be seen that the highest overall decreases of wage dif-
ferentials are observable at the lowest wages. Further, on average, the highest declines
are identified for the group of the lowest educational level. In particular, gender wage
gaps at the 10th percentile decrease around 6 percentage points in both regions. At higher
wages for the lowest educational group wage differentials between men and women decline
mainly in the West of Germany, where at the same time the effect due to changes in the
characteristics is more pronounced. The decrease in wage gaps in the East of Germany
is either less or non-existent. At the medium educational level, overall decreases in wage
differentials are higher for the East of Germany compared to the West. Regarding the for-
mer, the observed gender wage gap decreases by around 6 percentage points at the 10th
percentile and around 2 percentage points at the 25 percentile. In both cases, around
90% of the drop is traced back to changes in the wage structure due to the introduced
wage floor. Wage differentials at the 10th percentile for the highest educational group
decrease by more than 2 percentage point in both regions, which occurs mainly due to the
minimum wage effect. Wage gaps at the 25th percentile and median only slightly go back
or exhibit no change at all. However, inequality increasing tendencies between men and
women are identified resulting from changes in the observed characteristics in the East of
Germany, which are either totally or partly balanced out by the introduced wage floor.*°

The next subgroups that are taken into account are workers of different age, divided
into three groups: (1) 25-34 years, (2) 35-44 years and (3) 45-55 years. Figure 4.6 shows

that on average the highest decreases in gender wage gaps, around 6 percentage points,

39The presented results might be counterintuitive to the observed descriptive statistics of Table 4.1,
where the highest fraction of highly educated workers is revealed for women in the East of Germany and
the share of least educated women in the West is higher compared to the East of Germany. However, it
has to be kept in mind that there are considerable differences in the observed group-specific wage growth
of women after the introduction of the minimum wage. While in the West of Germany wages at the 10th
percentile for the least and medium educated women increase by 12% and 5%, the corresponding wages
increase by 25% and 17% for women in the East of Germany. Female wages for the highest educational
group rise by around 5% in both regions. Thus, the highest reductions of gender wage gaps are identified
for educational groups in the East of Germany.
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Figure 4.6: Change in gender wage gaps in the East and West of Germany by age groups

Source: STAB7519, own calculations.
Notes: The different subfigures present the estimated results of the difference-in-differences analysis using a reweighted

distribution distinguishing between different age groups.
are estimated for the lowest wages in the East of Germany, regardless the age. The most
significant drop in wage differentials between men and women in the West of Germany is
revealed for the medium age group. Decreases by more than 3 percentage points at the
10th percentile, by around 1.6 percentage points at the 25th percentile and 1 percentage
point at median wages are estimated. When it comes to the division into the effect
due to the minimum wage and the effect resulting from changes in the characteristics a
more diverse picture emerges. Whereas the majority of decreases in the youngest and

oldest groups of workers at lower wages in the East of Germany is explained by the effect
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that comes from the wage floor, larger parts of the declines in the West of Germany are
explained again by changes in the observed endowments of the workers. The identified
development in the median wage gap in the East of Germany for the oldest group shows an
overall increase in wage differentials driven by the characteristics effect. For the medium
age group, wage gaps at the 25th percentile and the median decrease for both regions
mainly due to differences in characteristics between 2013/14 and 2015/16 (between 63%
and 99%).
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Figure 4.7: Change in gender wage gaps in the East and West of Germany by occupational
activities

Source: STAB7519, own calculations.
Notes: The different subfigures present the estimated results of the difference-in-differences analysis using a reweighted

distribution distinguishing between different occupational levels.
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The last subgroups of workers that are taken into account in more detail are the
four occupational levels, (1) unskilled activities, (2) professional activities (3) complex
activities and (4) highly complex activities (Figure 4.7). Overall, wage gaps between
men and women are in particular reduced in the lowest two occupational groups. Wage
differentials for the most likely affected workers at the 10 percentile decrease in the West
of Germany between 2.1 and 4.1 percentage points, whereas in the East of Germany the
magnitudes rage between 5.2 and 7.1 percentage points. Again, the proportions of effects
due to changes in characteristics have higher values for the West of Germany (38% and
50%) compared to the East (16% and 8%). Looking at wage gaps at the 25th percentile
and the median, decreases are on average higher for the lowest occupational level with
larger values for the East of Germany. For the second occupational level, declines in these
wage gaps mainly occur due to changes in the characteristics in the West of Germany
and in the East of Germany due to the wage floor effect. Wage gaps between men and
women at the highest occupational levels exhibit either small or no decreases for the West
of Germany. If there are any drops in wage differentials in the East of Germany, they
mainly result from the minimum wage effect with values between 1.7 and 2.2 percentage

points.

4.6.3 Gender Wage Gaps After Minimum Wage Increases

As presented in the descriptive statistics in Figure 4.2, the minimum wage increases in
the years 2017 and 2019 possibly influence the observed gender wage gaps in the East
and West of Germany as well. Thus, the reweighted difference-in-differences analysis is
applied for the years 2016 and 2017 as well as 2018 and 2019 in Figure 4.8.3! Despite
the fact that there are noticeable decreases in wage differentials between men and women
in both time points, there is no significant difference between the West and the East
of Germany observable. Further, the magnitudes of declines are significantly smaller
compared to the effects resulting from the introduction of the minimum wage. Overall, in

particular wage gaps at the bottom of the wage distribution are influenced by wage floor

31Due to the close consecutive years of minimum wage introduction and minimum wage increases, no
pooled time points are used in these sub-analyses.
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Figure 4.8: Change in gender wage gaps in the East and West of Germany after minimum
wage increases

Source: STAB7519, own calculations.

Notes: The different subfigures present the estimated results of the difference-in-differences analysis using a reweighted
distribution for the minimum wage increases in 2017 and 2019.

rises, where mainly the minimum wage effect is decisive (between 0.5 and 0.8 percentage
points). Regarding the division into the wage floor effect and characteristics effect at the
25th percentile and the median, again higher shares for the latter effect in the West of
Germany are revealed (between 41% and 94%). For median wage gaps in the East of

Germany even increasing tendencies for both effects (2017) or due to the characteristics

effect (2019) are identified.

4.6.4 Minimum Wage and the Decomposition of Wage Gaps

Until now, the counterfactual type of difference-in-differences analyses identify effects
resulting from the introduced minimum wage on the overall unadjusted gender wage gap
in Germany. However, decomposing wage differentials between men and women into
explained and unexplained effects, as described by the Oaxaca-Blinder decomposition, is
a crucial factor in the debate on gender wage gaps. Thus, in Table 4.2 the Oaxaca-Blinder
decomposition results for wage differentials at different percentiles for the West and the

East of Germany are presented.
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Beginning with the observed subsamples in 2013/14 and 2015/16, the overall decrease
in wage differentials over time as well as higher magnitudes of drops for the East of Ger-
many compared to the West of Germany are confirmed. The results of the decomposition
analyses reveal that in the underlying data wage gaps are mainly traced back to unex-
plained effects. Differences in the observed characteristics between men and women reveal
positive and highly statistically significant explained effects that account for up to 20%
at the 10th percentile as well as around 10% at the 25th percentile and the median in
the West of Germany. In contrast to this, in the East of Germany explained effects at
the lowest wages are very small and only weakly statistically significant. Further, for
higher wages the effects turn negative and provide high statistical significance. These
results reveal that for wages at the 25th percentile and the median, women in the East
of Germany exhibit better endowments and considering only these characteristics they
would earn more than men. When it comes to unexplained effects, these can be further
divided on the one hand into the impact due to differences in remuneration for women,
despite the same observed characteristics as men, and on the other hand the constant.
The latter summarises all effects resulting from factors that cannot be observed in the
data. The constant defines between 64% and 83% of the unexplained effect in the West
and between 60% and 98% of the unexplained effect in the East of Germany.3?

In order to show how the introduction of the national minimum wage influenced the
decomposition of the gender wage gap, the estimation results of the counterfactual sample
are additionally presented in Table 4.2. When it comes to the aggregate decomposition in
the explained and unexplained effect no major differences between the actual observable
sample in 2015/16 and the counterfactual sample are revealed. However, having a closer
look at the division of the unexplained part observable differences emerge. For wage
gaps at the 10th percentile in the West of Germany the constant explains around 64%
of the unexplained part in 2013/14. This effect increases up to 72% in 2015/16. For the
counterfactual sample in 2015/16 with the distribution of characteristics fixed at the level

of 2013/14, the proportion is almost as high as in the actual sample after the introduced

32Using administrative data with limited availability of explanatory variables in the context of gender
wage gap decompositions, these results are confirmed by the existing literature (see e.g. Fuchs et al.,
2019; Weyh et al., 2022).
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wage floor. From this observed trend it can be concluded that the share of the unexplained
wage gap, that is traced back to differences in remuneration for women despite the same
observed characteristics as men, decreases due to the introduced minimum wage in 2015.
In other words, it seems that possible discrimination against women regarding observable
characteristics that are available in the underlying data is restricted by the binding wage
floor in the West of Germany. For other wage levels, the division of the unexplained
effects into the constant and the part, where women earn differently than men despite the
same characteristics, either stays constant or the latter effect slightly increases. This holds
also true for all wage levels for the East of Germany. However overall, no major changes
regarding the shares of explained and unexplained effects in the aggregate decomposition

of wage gaps are identified after the introduction of the minimum wage in Germany.

Table 4.2: Actual and counterfactual aggregate decomposition results

West of Germany East of Germany
Percentile Explained effect Unexplained effect Constant FExplained effect Unexplained effect Constant
2013/14
10 5.80%** 22.97%* 14.70%* 0.52* 15.59*** 16.97**
25 3.07% 19.84*** 16.47* —2.48*** 13.73*** 21.08***
50 2.39"* 15.47 12.25%* —10.91%* 10.39** 28.58**
2015/16
10 4477 21.217 15.32%** 0.26 8.66"* 8.84***
25 2.077* 18.91% 13.047** —2.747 12.13% 20.02**
50 2.047** 14.85%* 11.60"** —10.13** 9.67* 26.91%*
2015/16
counterfactual
10 4.88"** 21.51%* 15.26*** 0.42* 8.70%* 7.90**
25 2.36"* 19.19** 13.11% —2.60"** 12.26* 19.84***
50 2.327 14.61** 11.29** —10.25* 9.78** 26.68"*

Source: STAB7519, own calculations.

Notes: The table presents the counterfactual aggregate decomposition of gender wage gaps at different percentiles (10th,
25th and 50th percentile) using the RIF-regressions based Oaxaca-Blinder method. ***, ** and * indicate statistical
significance at the 1, 5, and 10 percent level, respectively.

As described in Section 4.5 there are several ways to define the non-discriminatory
wage structure estimating the aggregate decomposition. Thus, in Tables 4.A.9 and 4.A.10
in Appendix 4.A robustness checks on alternative definitions of the non-discriminatory
wage structure are provided. Applying the weighted wage structure approach by Reimers
(1983), where female and male wage structures get the same weight, it can be seen that
no major changes arise. The same holds true for the approach proposed by Cotton (1988),

where the two different wage structures are weighted according the actual share of the

190



CHAPTER 4. MIND THE GAP: EFFECTS OF THE NATIONAL MINIMUM WAGE
ON THE GENDER WAGE GAP IN GERMANY

two groups in the underlying data. In this case, as well no changes in the relative size of
the different components are observable. As a result, the presented results are robust to

different estimation strategies of the non-discriminatory wage structure.

4.7 Discussion and Conclusion

This study analyses the effects of the implemented statutory minimum wage in 2015 on
the observed gender wage gap in Germany. Descriptive analyses show significant wage
differentials between men and women in the West of Germany between 25.11% and 15.53%
along the lower half of the wage distribution between 2013/14 and 2015/16. In contrast
to this, gender wage gaps in the East of Germany are considerably lower in size with a
maximum of 14.87% at the 10th percentile before the introduction of the binding wage
floor. At the same time, workers in the East of Germany exhibit a significantly higher
probability to be affected by the introduced minimum wage estimated by regional-specific
minimum wage bites. In particular, it is revealed that women benefit highly from the
defined wage floor in the East of Germany.

Using administrative data provided by the German Institute for Employment Re-
search, the study provides yearly information and thus assessments of the effects resulting
from the introduction of the minimum wage but also from its subsequent increases can be
estimated separately. The applied estimation strategy with counterfactual wage distribu-
tions, where the distribution of characteristics is fixed at the level before the minimum
wage introduction, allows divided analyses of different sources of effects.

The results reveal significant decreases of wage differentials between men and women
that can be traced back to the introduced statutory wage floor. Among low-paid jobs,
wage differentials exhibit on average the highest declines. At the 10th percentile wage
gaps decrease by 2.46 percentage points in the West and by 6.34 percentage points in
the East of Germany. Thereby, respectively around 60% and 95% can be explained by
the introduction of the minimum wage. For higher wage levels at the 25th percentile and
the median decreases in the observed gender wage gaps can be seen as well, although

smaller in size. Thus, this separate analysis for the East and the West of Germany reveals
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two main conclusions. On the one hand, higher impact on wage gaps in regions, where
women are significantly more affected by the minimum wage than their male counterparts,
is identified. Thus, the effectiveness of the wage floor and the suitability of this policy
measure in reducing wage differentials in these regions are confirmed. On the other hand,
it is revealed that for the West of Germany changes in the distribution of characteristics
as well play a substantial role. As a result, it seems that in the West of Germany, where
in general significantly higher wage gaps are identified, still considerable differences in
the endowment between women and men exist and reducing them is decisive in the fight
against gender-specific wage differentials. Therefore, it needs further targeted efforts in
the West of Germany in order to guarantee equal remuneration for women and men.

Differentiating between several groups of the workforce by educational level, age and
occupational activity the analysis provides detailed information on the effectiveness of
the wage floor for different target groups. In particular, at lower wage levels for the
least educated and middle aged workers the introduction of the minimum wage is the
driving factor that significantly lowers group-specific gender wage gaps. In the context
of increasing wage gaps between men and women after the age of 30, as presented by
Schrenker and Zucco (2020), the latter response indicates an effective mechanism of the
introduced minimum wage in reducing distinct age-specific wage differentials. Further,
looking at occupational levels, it can be seen that in particular wage gaps in the lower
half of the distribution among the least demanding occupational activities benefit from
the binding wage floor. Again, higher effects due to the minimum wage are identified in
the East of Germany, in contrast to higher shares resulting from changes in observable
characteristics in the West of Germany. The consecutive rises in the level of minimum
wages in the years 2017 and 2019 are also considered in the counterfactual difference-
in-difference analyses. Revealing significantly smaller impact on decreases in the gender
wage gap and no observable regional-specific difference, these increases in the wage floor
can rather be assessed as compensation of inflation.

The presented results on the effect of the minimum wage in Germany are in line with
literature on the evaluation of the implemented minimum wage in relation to resulting

developments in wage inequality. Thus, the wage floor not only considerably leads to a
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reduction in overall wage inequality in recent years as presented by Bossler and Schank
(2020), but also is a valid measure for diminishing wage differentials between men and
women as generally shown by Caliendo and Wittbrodt (2022). Therefore, the underlying
study once more supports, with its detailed regional and group-specific analyses, the
importance and effectiveness of the binding minimum wage as well as its significant effects
on wage gaps between men and women in Germany.

The added counterfactual decomposition analyses, where unadjusted wage differen-
tials are divided into an explained and an unexplained effect, provide first evidence on
how the introduced minimum wage affects the adjusted gender wage gap. Overall, the
estimated results suggest that for the lowest wage level in the West of Germany, the share
of differences in wages between men and women, that cannot be traced back to different
endowment, decreases due to the introduced wage floor. This means, possible discrim-
ination against women on the basis of observable characteristics in the underlying data
seems to be restricted by the minimum wage. For wage gaps in the East of Germany, no
major effects can be observed. Further, in general, the shares of the components in the
aggregate decomposition are not affected by the introduction of the wage floor. On this
basis, it would be interesting to extend the number of factors that explain wage differen-
tials between men and women in order to provide further evidence whether and how the
minimum wage possibly limits discriminatory remuneration structures in Germany. Due
to data availability restrictions and the applied estimation design, it was not feasible in

this study and thus remains an important issue for future research.
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Appendix 4.A

Table 4.A.1: Characteristics of minimum wage workers - logit estimations

Whole sample Male sample Female sample
East Germany 0.040%** 0.032%+* 0.055%**
Women 0.041%#*
Foreign Nationality 0.001 0.005*** -0.009%**
Educational level:
Low 0.020%** 0.015%** 0.023%##*
High -0.022%** -0.011%** -0.040%**
Age:
25-35 Years -0.020%** -0.008*** -0.045%%*
45-55 Years 0.010%** 0.012%** 0.007#+*
Job experience:
0-2 years 0.012%** 0.011%%* 0.013%**
4-8 years -0.002* -0.002** -0.003
8-16 years -0.009%*** -0.010%** -0.011%%*
> 16 years -0.025%+* -0.018%** -0.040%%*
Work experience:
0-2 years 0.017%** 0.007*** 0.040*#*
4-8 years -0.013%** -0.009%** -0.015%%*
8-16 years -0.024*F* -0.020%** -0.023***
> 16 years -0.048%** -0.0471%** -0.058%**
Requirement level:
unskilled activities 0.033%*#* 0.022%#* 0.052%**
complex activities -0.028%*** -0.020*** -0.045***
highly complex activities -0.043%*** -0.027*** -0.081***
Occupations:
Food, agriculture and forestry 0.042%** 0.021%** 0.068***

Continued on next page
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Table 4.A.1 — Continued from previous page

Whole sample Male sample Female sample
Manufacturing 0.026*** 0.015%#* 0.031%*
Technical production 0.009*** 0.005%** 0.000
Food and hospitality industry 0.070*** 0.054*+* 0.072%%*
Health care 0.035%** 0.021%** 0.023**
Social and cultural service 0.0317##* 0.039%#* 0.004
Craft/trade 0.051%+% 0.026%** 0.059%#%
Company organisation 0.027%** 0.022%** 0.005
Service sector 0.018%*#* 0.022%*%* -0.016
IT and scientific service -0.001 0.001 -0.039%**
Security 0.058%** 0.042%** 0.057%**
Traffic and logistic 0.050*#* 0.0367** 0.040%***
Cleansing service 0.075%#* 0.042%#* 0.106%**
Plant size:
1-9 employees 0.084*** 0.054%** 0.145%**
10-49 employees 0.045%#* 0.0277#* 0.084***
50-199 employees 0.024*#* 0.015%#* 0.038%*#*
1000-4999 employees -0.025%+* -0.01 7% -0.042%%*
> 5000 employees -0.0317%** -0.018%** -0.057%**
N 304,710 207,204 97.506

Source: STAB7519, own calculations.

Notes: The table presents the estimated average marginal effects of logit regression frameworks with a dummy variable
that is equal to one if the worker earns less than €8.50 as the dependent variable. The base category of the estimation is a
male worker in the West of Germany with German citizenship and medium education between 35 and 44 years. The time
in employment and in job is between 2 and 4 years exercising specialist activities in a construction occupation at a plant
with between 200 and 999 employees. In column (1) estimates on the overall sample are provided, whereas in columns (2)
and (3) subsamples differentiating between men and women are used. *** ** and * indicate statistical significance at the

1, 5, and 10 percent level, respectively.
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Table 4.A.2: Total change in gender wage gaps and effects of the minimum wage at the
federal state level

Percentile Total change Minimum wage effect Total change Minimum wage effect
Saxony-Anhalt Hamburg

10 —2.53 —2.04 —0.14 0.77

25 —2.04 —0.66 —0.61 0.25

50 —0.52 —0.18 —0.97 —0.94
Lower Saxony Bremen

10 —2.40 —1.82 0.28 0.84

25 —1.14 —0.47 —1.82 —1.56

50 —0.77 —0.31 —0.40 0.00

North Rhine-Westphalia Hesse

10 —2.83 —1.66 —2.05 —0.51

25 —1.59 —0.66 —-1.79 —0.23

50 —0.89 —0.24 —1.57 —0.61

Rhineland-Palatinate Baden-Wuerttemberg

10 —-3.17 —-1.78 —2.39 —1.22

25 —-1.94 —0.86 —1.20 —0.31

50 —0.39 0.50 —0.48 —0.06

Bavaria Saarland

10 —2.37 —1.51 —4.84 —-3.17

25 —1.41 —0.62 —2.31 —-1.07

50 —0.88 —0.45 —0.35 0.84

Berlin Brandenburg

10 0.20 0.68 —4.83 —4.10

25 —0.46 —0.03 —2.53 —1.24

50 0.09 —0.17 —1.15 —0.56

Mecklenburg-Western Pomerania Saxony

10 —5.28 —4.84 —6.61 —6.36

25 —2.49 —1.94 —1.38 —1.45

50 0.30 0.20 —0.26 —0.82
Saxony-Anhalt Thuringia

10 —8.42 —7.48 —6.87 —6.30

25 —-3.34 —2.79 —2.14 —2.52

50 0.48 0.24 —1.24 —1.35

Source: SIAB7519, own calculations.

Notes: The table presents the change in the observed gender wage gaps in percentage points and the results of the

counterfactual difference-in-differences estimations for federal states in the East and the West of Germany.
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Table 4.A.3: Total change in gender wage gaps and effects of the minimum wage for
metropolitan and non-metropolitan areas

West of Germany East of Germany

Percentile Total change Minimum wage effect Total change Minimum wage effect
Metropolitan area

10 —2.09 —1.03 —4.60 —4.34

25 —1.59 —0.67 —0.50 —0.09

50 —0.78 —0.25 0.38 0.28
Non-metropolitan area

10 -3.13 —2.04 —6.59 —6.11

25 —1.33 —0.50 —2.66 —2.32

50 —0.33 —0.24 —0.13 —0.20

Source: STAB7519, own calculations.
Notes: The table presents the change in the observed gender wage gaps in percentage points and the results of the
counterfactual difference-in-differences estimations for metropolitan and non-metropolitan areas in the East and the West

of Germany.
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Table 4.A.4: Actual wages and gender wage gaps in 2013/14 and 2015/16 as well as
counterfactual wages and gender wage gaps in 2015/16, overall sample

West of Germany East of Germany
Percentile Women Men Wage gap Women Men Wage gap
2013/14
10 49.57 66.18"* 25.10%  41.59* 48.85"** 14.87%
(0.0853) (0.0796) (0.1264) (0.0818)
25 68.13*** 85.68"** 20.48%  53.22*** 59.57** 10.66%
(0.1620) (0.0690) (0.1771) (0.1036)
50 94.75 113.28** 16.36%  78.69*** 78.29™** —0.51%
(0.1263) (0.1031) (0.3406) (0.2188)
2015/16
10 52.45%** 67.81"** 22.64%  48.14** 52.63™** 8.53%
(0.0963) (0.0985) (0.0684) (0.0881)
25 70.88*** 87.43 18.94%  57.28"** 62.93** 8.96%
(0.1195) (0.0920) (0.1381) (0.0986)
50 98.02*** 116.05*** 15.53%  82.03"** 81.66™** —0.45%
(0.1278) (0.1128) (0.2345) (0.1460)
2015/16
counterfactual
10 52.11%* 68.29™* 23.61%  48.00* 52.72% 8.87%
(0.0111) (0.0115) (0.0120) (0.0113)
25 70.28*** 87.72%* 19.84%  56.91*** 62.87** 9.45%
(0.0180) (0.0125) (0.0211) (0.0114)
50 97.32%* 116.05*** 16.09%  81.67** 81.19*** —5.29%
(0.0221) (0.0167) (0.0352) (0.0261)

Source: STAB7519, own calculations.

Notes: The table presents the observed wages and gender wage gaps in 2013/14 and 2015/16 as well as the counterfactual
wages and gender wage gaps in 2015/16 at different wage percentiles, separately for the East and West of Germany. ***,
** and * indicate statistical significance at the 1, 5, and 10 percent level, respectively. Bootstrap standard errors are in

parentheses.
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Table 4.A.5: Actual gender wage gaps in 2013/14 and 2015/16 as well as counterfactual
gender wage gaps in 2015/16, by educational groups

West of Germany East of Germany
Percentile 2014/15 2015/16 2015/16 counterfactual 2014/15 2015/16 2015/16 counterfactual
Educational group
Low
10 17.45% 11.83% 13.39% 4.29% —2.45% —1.57%
25 18.99% 15.54% 16.91% 2.21% 0.76% 1.70%
50 16.10% 13.54% 14.96% -3.41% —3.41% -1.70%
Medium
10 25.66% 23.98% 24.77% 16.58% 10.34% 10.72%
25 21.07% 20.27% 20.83% 13.66% 11.64% 11.90%
50 15.22% 15.11% 15.47% 3.45% 2.92% 2.69%
High
10 30.26% 27.56% 27.96% 20.57% 18.32% 18.19%
25 27.50% 26.89% 27.09% 21.19% 20.92% 20.47%
50 28.49% 28.14% 28.34% 20.44% 20.85% 20.33%

Source: STAB7519, own calculations.
Notes: The table presents the observed gender wage gaps in 2013/14 and 2015/16 as well as the counterfactual gender
wage gaps in 2015/16 at different wage percentiles, separately for the East and West of Germany by educational groups.
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Table 4.A.6: Actual gender wage gaps in 2013/14 and 2015/16 as well as counterfactual
gender wage gaps in 2015/16, by age groups

West of Germany

East of Germany

Percentile 2014/15 2015/16 2015/16 counterfactual 2014/15 2015/16 2015/16 counterfactual
Age group
25-34 Years
10 13.21% 11.26% 11.93% 11.35% 5.50% 6.05%
25 10.71% 9.77% 10.42% 8.06% 6.04% 6.79%
50 7.76% 7.43% 7.79% 0.56% —0.36% 0.59%
35-44 Years
10 29.32% 26.11% 27.12% 17.70% 11.79% 12.85%
25 22.54% 20.96% 22.12% 13.99% 12.30% 13.37%
50 16.72% 15.80% 16.71% 4.38% 3.08% 3.93%
45-55 Years
10 31.89% 29.50% 30.40% 15.79% 10.51% 10.40%
25 26.18% 24.57% 25.46% 10.12% 8.67% 8.61%
50 19.76% 19.45% 19.96% -3.78% —2.89% —4.05%

Source: STAB7519, own calculations.

Notes: The table presents the observed gender wage gaps in 2013/14 and 2015/16 as well as the counterfactual gender

wage gaps in 2015/16 at different wage percentiles, separately for the East and West of Germany by age groups.
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Table 4.A.7: Actual gender wage gaps in 2013/14 and 2015/16 as well as counterfactual
gender wage gaps in 2015/16, by occupational activities

West of Germany East of Germany
Percentile 2014/15 2015/16 2015/16 counterfactual 2014/15 2015/16 2015/16 counterfactual
Occupational level
Unskilled activities
10 18.87% 14.76% 16.33% 14.11% 8.87% 9.70%
25 20.93% 17.66% 18.89% 13.63% 7.22% 8.36%
50 22.43% 20.63% 21.27% 15.43% 13.79% 14.64%
Professional activities
10 24.78% 22.711% 23.75% 17.12% 10.01% 10.59%
25 18.77% 17.53% 18.44% 12.53% 10.03% 10.66%
50 12.06% 11.82% 12.39% —0.60% —0.99% —0.70%
Complex activities
10 26.49% 25.61% 26.35% 16.46% 14.75% 14.91%
25 23.04% 22.59% 23.01% 18.06% 16.67% 16.73%
50 22.36% 22.89% 22.66% 15.13% 14.97% 14.28%
Highly complex activities
10 27.87% 26.84% 27.11% 17.34% 14.31% 15.01%
25 24.62% 23.51% 24.18% 14.77% 14.34% 14.50%
50 24.97% 24.37% 24.87% 12.19% 11.82% 12.10%

Source: STAB7519, own calculations.
Notes: The table presents the observed gender wage gaps in 2013/14 and 2015/16 as well as the counterfactual gender
wage gaps in 2015/16 at different wage percentiles, separately for the East and West of Germany by occupational

activities.
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Table 4.A.8: Actual and counterfactual gender wage gaps before and after minimum wage
increases

West of Germany East of Germany
Percentile Before After Counterfactual — Before After Counterfactual
Minimum wage increase
2017
10 22.36% 21.52% 21.85% 9.57% 9.13% 9.27%
25 18.47% 18.07% 18.44% 8.30% 7.76% 7.85%
50 15.22% 14.90% 15.12% —0.57% 0.14% —0.20%
2019
10 21.75% 21.12% 21.31% 10.27% 9.58% 9.45%
25 18.05% 17.14% 17.52% 7.42% 6.76% 7.02%
50 14.84% 14.54% 14.71% 0.49% 0.53% 0.37%

Source: STAB7519, own calculations.
Notes: The table presents the results of the counterfactual difference-in-differences analyses between 2016 and 2017 as well

2018 and 2019 at different wage percentiles, separately for the East and West of Germany.
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Table 4.A.9: Actual and counterfactual aggregate decomposition results using alternative
non-discriminatory wage structure, by Reimers (1983)

West of Germany East of Germany
Percentile Explained effect Unexplained effect Constant Explained effect Unexplained effect Constant
Non-discriminatory wage structure proposed by
Reimers (1983)
2013/14
10 5.21%* 23.56™** 14.70%* —0.27 16.38** 16.97+*
(0.0021) (0.0030) (0.0274) (0.0033) (0.0045) (0.0366)
25 3.1 19.80** 16.47% —4.48 15.73* 21.08**
(0.0017) (0.0022) (0.0203) (0.0033) (0.0040) (0.0331)
50 1.93* 15.92"* 12.25%* —12.33"* 11.82* 28.58**
(0.0014) (0.0016) (0.0146) (0.0040) (0.0043) (0.0350)
2015/16
10 343" 22.24*= 15.32* —0.27 9.18"* 8.84*
(0.0019) (0.0027) (0.0244) (0.0023) (0.0032) (0.0250)
25 2.02%** 18.96** 13.04* —4.29™ 13.68*** 20.02%**
(0.0017) (0.0021) (0.0195) (0.0028) (0.0035) (0.0291)
50 1.44% 15.44* 11.60** —11.47 11.02%* 26.91%
(0.0014) (0.0016) (0.0144) (0.0036) (0.0040) (0.0321)
2015/16
counterfactual
10 3.81%* 22.58** 15.26** —0.09 9.21%* 7.90%**
(0.0018) (0.0026) (0.0235) (0.0021) (0.0031) (0.0234)
25 2.38"* 19.17* 13.11%* —4.16™* 13.82"* 19.84**
(0.0017) (0.0021) (0.0183) (0.0028) (0.0037) (0.0283)
50 1.74% 15.49*** 11.29* —11.59"** 11.11% 26.68"**
(0.0014) (0.0016) (0.0148) (0.0037) (0.0041) (0.0325)

Source: STAB7519, own calculations.

Notes: The table presents the counterfactual aggregate decomposition of gender wage gaps at different percentiles (10th,
25th and 50th percentile) using the RIF-regressions based Oaxaca-Blinder method. The non-discriminatory wage
structure is calculated using the estimation strategy suggested by Reimers (1983). *** ** and * indicate statistical

significance at the 1, 5, and 10 percent level, respectively. Robust standard errors are presented in parentheses.
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Table 4.A.10: Actual and counterfactual aggregate decomposition results using alternative
non-discriminatory wage structure, by Cotton (1988)

West of Germany East of Germany
Percentile Explained effect Unexplained effect Constant Explained effect Unexplained effect Constant
Non-discriminatory wage structure proposed by
Cotton (1988)
2013/14
10 5.44%* 23.33"** 14.69** —0.08 16.18** 16.97+*
(0.0019) (0.0028) (0.0275) (0.0030) (0.0043) (0.0367)
25 3.10%* 19.81** 16.47+* —3.98** 15.23*** 21.08***
(0.0015) (0.0020) (0.0203) (0.0029) (0.0038) (0.0331)
50 2117 15.75* 12.25%* —11.98"* 11.46** 25.58*
(0.0013) (0.0015) (0.0146) (0.0036) (0.0041) (0.0350)
2015/16
10 3.83** 21.84*** 15.32%* —0.14 9.05** 8.84%
(0.0017) (0.0026) (0.0244) (0.0021) (0.0031) (0.0250)
25 2.04 18.94* 13.04* —3.90" 13.29* 20.02%**
(0.0015) (0.0020) (0.0195) (0.0025) (0.0034) (0.0291)
50 1.67* 15.21* 11.60"** —11.14"* 10.68"** 26.91%*
(0.0013) (0.0015) (0.0144) (0.0034) (0.0038) (0.0321)
2015/16
counterfactual
10 4.22%*= 22,17 15.26"* 0.04 9.09*** 7.90"**
(0.0017) (0.0026) (0.0235) (0.0020) (0.0030) (0.0234)
25 2.37 19.18"* 13.11%* —3.77* 13.43* 19.84**
(0.0014) (0.0020) (0.0183) (0.0025) (0.0034) (0.0283)
50 1.96* 15.27+* 11.29* —11.25"* 10.78** 26.68"**
(0.0014) (0.0016) (0.0148) (0.0034) (0.0039) (0.0325)

Source: STAB7519, own calculations.

Notes: The table presents the counterfactual aggregate decomposition of gender wage gaps at different percentiles (10th,
25th and 50th percentile) using the RIF-regressions based Oaxaca-Blinder method. The non-discriminatory wage
structure is calculated using the estimation strategy suggested by Cotton (1988). *** ** and * indicate statistical

significance at the 1, 5, and 10 percent level, respectively. Robust standard errors are presented in parentheses.
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Chapter 5

Conclusion

Increasing unequal distribution of income and wealth is one of the most pressing social
and economic problems of our time. Being closely related to the economic well-being of
individuals and overall satisfaction of the society, scientific research in the field of eco-
nomic inequality is of high importance. Economic and political challenges, technological
change and impacts from changes in policies are essential to be considered in this context.
Therefore, this thesis analyses wage inequality in the light of three challenges of the Ger-
man labour market and contributes to existing literature extensive new insights in these
areas of research. In particular, it identifies how increasing automation and robotization
affected the observed wage dispersion in the manufacturing sector during the last decades.
Further, it examines immigrant-native wage gaps and related driving forces in the face of
increasing migration and regional differences. Lastly, the effect of an introduced policy
measure, the minimum wage, on observed differences in pay between men and women is
assessed. In all three studies, the research questions are addressed by applying extensive
decomposition methods that cover all parts of the wage distribution and provide detailed
information about the driving forces behind changes in unequal remuneration.

Chapter 2 provides evidence on the impact of automation and robotization on wage
inequality in the German manufacturing sector. In view of considerable concerns on
how new automation technologies impact the labour market outcomes employment and
wages, the presented study makes a pivotal contribution to existing literature. With
considerable increases in wage inequality since the mid-1990s and at the same time with

one of the highest robot densities worldwide, Germany is an interesting and insightful
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case. Detailed decomposition analyses on the basis of RIF-regressions consider a new
introduced automation threat variable. With this, occupation- and requirement-specific
scores of automation risk and yearly sector-specific robot densities are combined in order
to capture the effects of automation and robotization. The estimation results reveal
two channels through which the considered technologies contribute to increases in wage
inequality. On the one hand, the first effect results through compositional changes in the
workforce with a trend towards occupations with medium automation threat. As a result
of this development, the automation-related composition effect explains roughly 10% of
the overall composition effect in the increase of wage inequality between 1996 and 2010.
This impact even increases up to 41% in the second observed time period until 2017. On
the other hand, a rise in wage dispersion between occupations with low automation threat,
that especially relate to non-routine tasks, and occupations with high automation threat,
that especially relate to routine tasks, is identified in the first period of observation. These
findings support the concept of routine-biased technological change, where technology
increases the relative demand, and thus the relative wages, for non-routine tasks compared
to routine tasks. With regard to current major advances in artificial intelligence, machine
learning and new manufacturing technologies, future research in this field remains an
important and required challenge.

Chapter 3 analyses wage differentials between immigrant and native workers in Ger-
many. Gaps in remuneration provide information on the effectiveness of immigration and
labour market policies as well as identify the degree of economic integration of foreign
workers. Between 2000 and 2019, significant changes in wage gaps between German and
Non-German workers along the entire wage distribution are identified. With a reversal in
trend after 2012, a considerable increase in median wage gaps and regional-specific differ-
ences between metropolitan and non-metropolitan areas, decomposition analyses based
on RIF-regressions are applied in order to provide evidence on driving forces along the
whole wage distribution. Aggregate decomposition results support the hypothesis that
the majority of wage differentials can be explained by differences in observed charac-
teristics. Separate detailed analyses at different points in time show that the effects of

explanatory factors not only change over time but the sources of gaps also vary along
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the wage distribution. The traditionally assumed main driving factor education is seen
to have decreasing impact over time. In contrast, the economic sector affiliation at the
bottom of the distribution and working in a specific occupation at the top, decisively
affect wage differentials to the detriment of foreign workers. With considerable changes in
the composition of the foreign workforce regarding labour market experience after 2015,
the study reveals inequality increasing sources that need to be addressed by political mea-
sures. Considering differences in the presence of foreign population, increasing tendencies
in wage differentials are especially identified for lower wage levels. Further, differentiat-
ing between urban and rural areas, the study provides evidence of significantly higher
immigrant-native wage gaps in large cities and metropolitan areas in Germany, where
as well on average a higher share of foreign population is encountered. In this context,
structural differences regarding educational attainment to the detriment of Non-German
workers are identified. In times of a shrinking overall population and skills shortage
that requires skilled immigration from abroad, the underlying results make an essential
contribution to related research and political discussion in Germany.

Chapter 4 assesses the effectiveness of the introduced national binding minimum wage
in 2015 on wage differentials between men and women in Germany. With a consider-
able extent of the gender wage gap and high female employment rates in the low-wage
sector, the study provides substantial results. Regional-specific analyses support evi-
dence of higher minimum wage bites for women and workers in the East of Germany.
At the same time, significant variation in wage differentials are revealed with on average
higher gender wage gaps in the West of Germany. The empirical analyses are based on a
difference-in-differences estimation strategy using counterfactual wage distributions and
gender wage gaps. As a result of this procedure, changes in observed wage gaps between
men and women are segmented into an effect due to changes in endowments and into
an effect resulting from the introduced wage floor. Overall, differences in remuneration
at the 10th percentile decrease by around 2.5 percentage points in the West and more
than 6 percentage points in the East of Germany after the introduction of the wage floor.
Thereby, respectively around 60% and 95% are traced back to the introduction of the
minimum wage. Thus, the study supports the hypothesis that there is higher impact on

212



CHAPTER 5. CONCLUSION

wage differentials in regions, where women are significantly more affected by the mini-
mum wage than their male counterparts. Differentiating between several group-specific
dynamics, it is revealed that especially lower educated and medium aged female workers
benefit from the introduction of the wage floor, which leads to a significant reduction in
the related wage gaps. Combining counterfactual wage distributions with RIF-regressions
based Oaxaca-Blinder decompositions finally provides first evidence that in the West of
Germany possible discrimination against women at the lowest wage level is restricted by
the wage floor. Moreover, the study reveals structural wage differentials that could not
be reduced by the wage floor for the West of Germany and thus shows the necessity for
further action against unequal remuneration between men and women in this area.

As concluding remarks, the presented empirical results of the three underlying studies
show the importance to consider different aspects in analysing inequalities in remuner-
ation. Being a complex area, research on different determinants and driving factors of
wage inequality stays an important and essential channel through which a contribution
for a more satisfactory distribution of resources, incomes and opportunities in a society
can be made. Especially in view of current global developments, it remains interesting to
see how changes in inequality, related policy actions and the public interest will interact

in the future.
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