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CHAPTER 1

Dissertation introduction

Questions of distribution and differences in outcomes for

individuals are not the sole part of economics – to suggest

that would be unwarranted – but they are an essential part.

Anthony Atkinson, Inequality: What can be done?

Whether in politics, in academia or at the dinner tables of families all over the world,

there is a widespread consensus that inequality is one of the great challenges of our time.

Inequality is a rather broad term per se: While some may primarily worry about unequal

chances to succeed in the education system, others may think of inequality in political

participation. Inequality can also be mirrored in disparate access to justice or health care,

or simply in the way some individuals are treated differently than others in everyday

life. Yet the first association with it – especially in political debates – is typically that

of income inequality. Surely, part of this is because economic variables such as wages or

asset returns can be comparatively easily pinned down in numbers while other types of

inequalities are somewhat less palpable. Another crucial point, though, is the empirical

observation that income inequality is deeply interwoven with other inequalities, thus

spilling over into other societal domains beyond economics.
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CHAPTER 1.

It is therefore not surprising that economic research on distributional matters has

prospered over the course of the last decades, which have been characterised by growing

inequality levels in many industrialised countries. In the US, for instance, the effort to

understand the sources of wage inequality was significantly enhanced after its surge in

the late 1970s, fuelled unquestionably by the growing availability of micro-level data

which offered a whole new range of possibilities at the time. However, another key

driver behind the soaring research interest in unequal pay was the fact that the rising

inequality levels became increasingly tangible in individuals’ lives, not least since“widen-

ing wage structure has meant widening family income and consumption inequality and

associated social problems” (Katz and Autor, 1999, p. 2). Empirical evidence indeed

suggests that income inequality is related – inter alia – to higher crime rates (Dahlberg

and Gustavsson, 2008; Freeman, 1999; Kelly, 2000), unequal or detrimental health out-

comes (Chetty et al., 2016; Pickett and Wilkinson, 2015), and lower educational mobility

(Blanden, 2013; Corak, 2013; Jerrim and Macmillan, 2015). Furthermore, countries in

which (perceived) inequality levels are high tend to be characterised by lower degrees

of social cohesion (Alesina and La Ferrara, 2000; Gould and Hijzen, 2016) and trust in

meritocratic processes and fairness (Kuhn, 2019).

Arguably, the perception of what is distributionally fair hinges on a variety of aspects

that are often – in one way or another – connected to normative values. Even from a

neutral perspective, one can reach vastly different conclusions on the existing amount

of inequality in a society depending on various factors, such as the inequality index

used, the income-receiving unit defined, and not least on the precise measurement of in-

come (Cowell, 2000; Jenkins, 2024). This may range from high-frequency (e.g., hourly)

wages to after-government-after-tax disposable (household) income. Economists gener-

ally agree that which components to include into an assessment of inequality should first

and foremost be governed by the policy question at hand, although the choice also needs

to be made based on data availability in practice (Armour et al., 2013). This is also why

many empirical contributions on inequality focus on income in the first place instead

of also considering wealth, which may crucially influence individual well-being, but on

which there is typically a lack of transparent and reliable data (Zucman, 2019).1

1For a recent historical review of the German wealth distribution that is not solely based on survey
data – which is prone to misreporting particularly in the case of wealth –, see Albers et al. (2025).
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This dissertation aims to contribute to the empirical literature on income inequality

in Germany, moving from a particularly broad definition to more specific measures of

between-group inequalities: Chapter 2 is concerned with inequality in disposable income

and its various ingredients, which includes – to name just a few of them – labour income,

capital income, as well as private and government transfers. This income definition also

considers the given household structure, accounting for the fact that the financial re-

sources of a household are typically shared among its members. While this measure is

tightly connected to personal consumption possibilities and well-being, it is not partic-

ularly well-suited for assessing inequalities between certain groups of individuals (e.g.,

between genders). In contrast, chapters 3 and 4 are solely dedicated to individual labour

income, which – in the German case – constitutes the lion’s share of total income across

large parts of distribution (Drechsel-Grau et al., 2022).2 More specifically, these two

chapters use administrative daily wage data to look more closely at wage differentials

between genders (see chapter 3) and individuals with different levels of educational at-

tainment (chapter 4), both of which play a crucial role in shaping the distribution of

wages and, hence, the final distribution of incomes.

While each of the three chapters looks at inequality from a different angle, they have in

common that they are all based on German data, making it indispensible to outline the

general distributional trends in Germany over the last decades. Fuchs-Schündeln et al.

(2010) describe the evolution of inequality in Germany until the mid 2000s as a “tale of

two countries”. The first of these two is the country that existed prior to the German

reunification, which saw remarkably stable inequality throughout the 1980s with only

some increases in the upper tail of the distribution (Antonczyk et al., 2018; Dustmann

et al., 2009). The second part of the tale, however, tells the story of a post-unification

Germany witnessing rising and quickly accelerating wage and earnings inequality in

all parts of the distribution that happened against the backdrop of slow average wage

growth, declining incomes in the lower half of the distribution, and increasing incomes

at the top (Drechsel-Grau et al., 2022; Dustmann et al., 2009; Fuchs-Schündeln et al.,

2010). This trend occurred somewhat delayed compared to the US, where inequality

had already begun to rise sharply two decades earlier and where its growth finally

2Drechsel-Grau et al. (2022) define total income as the sum of labour and non-labour income.
The latter comprises income from self-employment, rental income and business income, which is the
dominant source of income in the right tail.
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slowed down towards the late 1990s (Autor et al., 2008; Katz and Autor, 1999) while it

started to speed up around that same time in Germany (Card et al., 2013; Dustmann

et al., 2009). Fuchs-Schündeln et al. (2010) document the surge in inequality prior to

the millennium across a variety of income measures, although it was less pronounced for

post-government measures accounting for the redistributive effects of the German tax

and transfer system.

Inequality also climbed steadily after the millennium, and it continued to do so until the

mid to late 2000s. These years then mark a turning point, with wage inequality having

stagnated or even slightly declined from roughly 2009/10 onwards (see, e.g., Felbermayr

et al., 2016; Möller, 2016) whereas inequality in disposable (equivalised) incomes had

already remained rather constant since 2005/06 (Biewen et al., 2019). Drechsel-Grau

et al. (2022) observe a similar trend reversal when considering annual labour incomes,

which they find to have become more dispersed leading up to the Great Recession, while

incomes grew throughout the distribution – and most notably for women in the bottom

half – afterwards. This consequently led to a decline in inequality across the whole

distribution, with the exception of the extreme right tail where earnings inequality has

kept rising to the day (Drechsel-Grau et al., 2022).

Unsurprisingly, the periods of rising and stagnating inequality were characterised by

markedly different economic conditions in general. In the 1990s and early 2000s, Ger-

many struggled with the repercussions of the economic shock of the reunification, yield-

ing the country its unpopular nickname as the so-called“sick man of Europe”(Dustmann

et al., 2014). The record unemployment levels in particular were of great public concern

and finally led to a series of profound labour market reforms – also referred to as the

“Hartz reforms” – targeting activating labour market policies and a flexibilisation of the

German labour market. Shortly after the latter went into effect (i.e., in the mid 2000s),

the formerly mentioned “sick man” underwent a transformation to an “economic super-

star” (Dustmann et al., 2014) whose labour market kept chasing its own records until

the COVID-19 pandemic: Unemployment fell from 12% in 2004 to below 6% in 2018 and

labour force participation rose significantly, though in a much more pronounced way for

women where it increased from 55 to over 70% (Drechsel-Grau et al., 2022).
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In spite of the temporal proximity of the “Hartz reforms” and Germany’s economic up-

surge, it remains controversial to the day as to whether these have been the primary

driver of what Burda (2016) refers to as the German“labour market miracle”.3 Irrespect-

ive of what caused it in the first place, the sheer magnitude of Germany’s employment

boom may have raised the expectation that the country would finally see a perceptible

decline in disposable income inequality. However, as previously mentioned, Germany

in fact only witnessed a very modest reduction in inequality – if at all – between the

mid 2000s and the onset of the pandemic. This somewhat puzzling observation is at the

core of chapter 2 of this dissertation, which closely investigates the question whether

the observed employment gains contributed to a decline in inequality in net equival-

ised household incomes at all and – if so – which other factors have outweighed and

eventually masked this equalising effect.

Shifting the focus from the household to the individual level, Germany’s employment

boom has taken on somewhat different forms for men and women, respectively. At the

extensive margin, female labour market participation increased substantially more than

it was the case for men (see above). A look at the intensive margin further reveals that

the rising employment shares of women did not translate into a corresponding increase in

the female full-time share, but were predominantly driven by women entering part-time

employment out of non-participation: The female part-time share (relative to the entire

female prime-aged population) increased from about 20% in 2005 to over 30% within

only one decade, whereas its male counterpart rose from a modest 2.5% to just over

5% over the same time span (Carrillo-Tudela et al., 2021). Consequently, the part-time

share among employed women has remained at its traditionally high level in international

comparison, with roughly every second woman – compared to only one in eight men –

working part-time in 2023 (Statistisches Bundesamt, 2024).

The discrepancy between male and female labour force participation – as well as the

intensity thereof – is no purely German phenomenon, and has posed conceptual chal-

3A number of studies attest an important role to the “Hartz reforms” in explaining Germany’s
employment boom (Bradley and Kügler, 2019; Felbermayr et al., 2016; Hartung et al., 2018; Launov and
Wälde, 2013). Others are somewhat more sceptical in attaching a causal meaning to them (Dustmann
et al., 2014; Hoffmann and Lemieux, 2016).
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lenges for applied labour market research all over the globe.4 In fact, the comparatively

low (full-time) participation rates of women are the main reason why much of the lit-

erature exploring the determinants of wages focusses exclusively on the wage schedules

of men, arguing that wage equations estimated based on a specific, potentially non-

representative fraction of the entire population may involve significant (self-)selection

bias in the case of women (see the seminal work of Heckman, 1974, 1979). This same

notion has also called the validity of conventional measures of the gender pay gap5 into

question since these often ignore the potential for selection bias, eventually leading to a

distorted perception of the extent of unequal pay between men and women.6

Over the years, increasingly sophisticated techniques have emerged to recover not only

averages, but wage quantiles at different parts of the distribution (Albrecht et al., 2009;

Biewen et al., 2020; Chzhen and Mumford, 2011) or even whole wage distributions

(Arellano and Bonhomme, 2017; Chen et al., 2024) that are purged of selection. In

earlier contributions, the application of methods that account for selectivity was almost

exclusively targeted at women, while male selection was long deemed negligible. This

view has somewhat shifted in recent years against the background of secular trends on

the labour market. Blau et al. (2024), for instance, highlight the observation that the

decline in the US gender wage gap coincided with a convergence of male and female

labour force participation rates. The authors trace the simultaneity of these trends back

to shifting selection patterns of both genders caused by their changing participation.

Indeed, a growing number of contributions have documented sizeable female and male

selection bias (especially around the years of the Great Recession, see Dolado et al.,

2020; Elass, 2024), though no comparable evidence exists for Germany so far.

From an econometric perspective, a remaining shortcoming in the literature lies in its

restrictiveness regarding estimation of the parameter determining the direction and

strength of the selection bias, which is typically assumed to be constant across the

4The evolution of the role of women on the labour market is documented in detail by the pioneering
research of Claudia Goldin (see, e.g., Goldin 2006, 2014, 2021) for which she received the Nobel Prize
in Economics in 2023.

5For recent reviews of the vast literature on the gender pay gap, see Kunze (2018) and Olivetti
et al. (2024).

6Whether uncorrected measures over- or underestimate the “true” (selection-corrected) gender pay
gap is not unambiguous in the literature: Numerous contributions report a growing gap once accounting
for selection (see, e.g., Albrecht et al., 2009; Biewen et al., 2020; Picchio and Mussida, 2011) while others
obtain the opposite result (Chernozhukov et al., 2025; Elass, 2024).
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entire wage distribution. It was only recently that Chernozhukov et al. (2025) proposed

a distribution regression approach allowing explicitly for different signs and degrees of

selection on unobservables at different parts of the distribution. In an assessment of

the German gender pay gap, chapter 3 of this thesis exploits this extraordinarily flexible

framework in order to correct the male and female full- and part-time wage distributions

for selection, unveiling considerable heterogeneities from the bottom to the top.

Methodically, large parts of this dissertation draw from the rich decomposition literature

in labour economics (see Fortin et al., 2011, for a comprehensive summary). Decomposi-

tion methods constitute helpful tools when the goal is to identify the drivers of observed

trends in inequality (as in chapter 2) or the sources of wage differentials such as the

gender pay gap (see chapter 3). Building on the work of Oaxaca (1973) and Blinder

(1973), numerous techniques have been developed that break down overall differences in

wages Y into an effect resulting from differences in the marginal distribution of covari-

ates X (composition effect) on the one hand, and one resulting from differences in the

returns β received for these characteristics (wage structure effect) on the other.

A related question in the inequality literature is to what extent observed changes in

selected inequality indices are the result of changes in inequality within as opposed to

between groups. This is best illustrated based on the unconditional variance of Y , which

– by its appealing statistical property of decomposability – can alternatively be written

as the sum of a within-group and a between-group component:

Var(Y ) = E[Var(Y |X)] + Var[E(Y |X)].

The first component thereby measures the wage dispersion among individuals who are

comparable in terms of their characteristics X, and is therefore also referred to as the

residual variance. In the US and Germany alike, residual wage dispersion has been

shown to closely mirror the aforementioned trends in overall wage dispersion (Autor

et al., 2008; Fuchs-Schündeln et al., 2010). Another interesting finding in the literature

is that residual inequality tends to be higher at the top compared to the bottom of the

distribution (see Brüll and Gathmann, 2020, for the German case), a phenomenon that

is often attributed to a larger heterogeneity among those individuals with the highest

levels of educational attainment (Lemieux, 2006b; Martins and Pereira, 2004).
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This latter observation is particularly important against the background of the striking

educational expansion of the workforce witnessed in many industrialised countries over

the last decades. Germany constitutes no exception from this trend: By way of example,

the university share among 35- to 44-year-old men has more than doubled from roughly

10% to over 25% between 1975 and 2018 (Statistisches Bundesamt 1976, 2019). Likewise,

the first-year student ratio has been steadily rising, thus contributing to a continuation of

the observed“academisation”of the workforce (Wolter and Kerst, 2015). While there is a

broad consensus in the literature that comparable trends in educational attainment are

important in explaining the evolution of residual inequality, the underlying mechanisms

are somewhat more controversial. In case of the US, for instance, Lemieux (2006a) argues

that much of the pronounced increase in residual wage dispersion in the 1980s was in

fact driven by a heteroscedasticity effect linked to educational expansion: If the share of

highly educated individuals is rising – as it had been in the US – and unobservable skill

or “ability” is generally more dispersed among this group of workers, this will equally

cause residual inequality to rise. This view was later challenged by Autor et al. (2008),

who argue that this merely proportional effect explains a relatively small part of the

observed trends in residual inequality compared to price effects.

Apart from these alternative explanations, other researchers claim that educational ex-

pansion may also have an immediate impact on the distribution of unobserved skill

within educational groups, most notably among those with the highest level of educa-

tional attainment. This hypothesis is based on the following argument: Assuming that

the distribution of ability in the general population is approximately fixed over time,

rising college shares may draw individuals located towards increasingly lower percent-

iles of the ability distribution into higher education, leading to a rising dispersion of

ability and – consequently – also of wages within this group of workers (Carneiro and

Lee, 2011; Juhn et al., 2005). At the same time, this exact mechanism may – ceteris

paribus – result in a lower between-group inequality (see second component of the vari-

ance formula) caused by a somewhat less favourably selected group of college graduates.

This component thereby captures average wage differences between worker groups with

characteristics X, i.e., average skill premia.
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Indeed, a number of contributions in the vast literature on the returns to education in

Germany document significant cohort patterns in skill premia (Antonczyk et al., 2018;

Boockmann and Steiner, 2006; Reinhold and Thomsen, 2017) and hypothesise about

their link to potential ability shifts induced especially by the rising tertiary education

shares. Given the importance of educational upgrading in shaping the German wage

distribution (see, e.g., Biewen and Seckler, 2019), chapter 4 of this dissertation explores

this link in more detail.

To conclude this introduction, the following paragraphs provide an overview of the

three studies this doctoral thesis is based upon.

Why a labour market boom does not necessarily bring down inequality –

Putting together Germany’s inequality puzzle.

Chapter 2 of this dissertation provides a comprehensive and holistic decomposition

analysis of the factors that have shaped the distribution of net equivalised incomes in

Germany between 2005/06 and 2015/16, focussing in particular on the aforementioned

“labour market miracle” that unfolded over these years. Motivated by the notion that

not even the ever-increasing employment levels have led to a substantial decline in

disposable income inequality, we investigate to what extent the observed gains in

full-time, part-time and marginal part-time employment have had an effect on the

distribution of incomes at all. We thereby contribute to a comparatively small body of

literature dealing with disposable income, which has thus far struggled to establish a

clear link between the evolution of inequality on the one hand and the developments

on the labour market on the other (Biewen et al., 2019; Peichl et al., 2018). Our

results imply that while the flourishing labour market conditions alone did have a

significant equalising effect, the latter was considerably dampened by the tax and

transfer system and additionally masked by the disequalising impact of other factors

such as immigration (resulting in an inflow of low-income households) and changes in

household characteristics (most notably population ageing and educational expansion).
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Selectivity-corrected wage distributions and the evolution of the German gender wage

gap

Against the background of the rising employment levels that are at the core of the

previous analysis, chapter 3 investigates whether these have been accompanied by a

changing composition of the German workforce regarding unobservable characteristics.

More specifically, our goal is to examine how male and female selection patterns into

full- and part-time work have changed over time, and how these changes have affected

the evolution of gender wage gaps in both employment forms between 2000-2005

(recession) and 2012-2017 (boom). One of the main contributions of our study is that

it is the first to employ the approach recently proposed by Chernozhukov et al. (2025),

which constitutes a methodological breakthrough since it explicitly allows for different

signs and degrees of selectivity across the distribution. Our results indeed reveal sizeable

heterogeneities: Full-time men tend to be positively selected at the bottom (potentially

due to the generous social safety net) and negatively in the rest of the distribution – a

trend that intensified over the course of the employment boom. In contrast, full-time

women are generally negatively selected, and increasingly so towards the top. This

may be driven by assortative matching and the German tax and transfer system that

discourages secondary earnings. Part-time men also turn out to be negatively selected,

while female sorting into part-time exhibits a more complex structure, switching from

negative at the bottom to positive in the higher percentiles. Full- and part-time gender

wage gaps have narrowed due to declining differences in unobserved selectivity between

men and women, but also as a result of improved observables of full-time women and

converging wage returns in male and female part-time work.

Secular changes in educational attainment and the quality of the highly skilled –

Evidence from Germany

Besides the flourishing labour market participation rates, one of the most salient de-

velopments on Germany’s labour market has been the ongoing educational upgrading

of its workforce: Over the last decades, the tertiary education share has risen continu-

ously, while dual vocational training has become less popular for successive cohorts. In

light of a growing body of literature that simultaneously documents inter-cohort differ-

ences in educational attainment and in educational returns, the question emerges as to

whether the rising college shares have drawn individuals with increasingly lower levels
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of unobserved skill or “ability” into tertiary education. Although a number of studies

have hypothesised about the existence of such effects, they have struggled to establish

a clear link between educational expansion and potential ability shifts since changing

educational shares necessarily translate into changing relative supplies, making it hard

to isolate ability effects from supply effects. Similar to Carneiro and Lee (2011) for the

US, chapter 4 aims to resolve this issue by exploiting regional variation, comparing the

wages of college educated individuals who face the same labour market conditions, but

who received their college entry certificate (“Abitur”) in different federal states. The res-

ults provide tentative evidence that college educated persons from regions with relatively

high “Abitur” shares tend to receive lower wages than their counterparts from regions

with lower shares, potentially pointing to a declining average ability as relatively more

persons formally qualify for tertiary education. The analysis further indicates potential

spillover effects on those holding a vocational training degree. However, these are not as

pronounced as for the college educated, implying that the college premium would have

been higher in absence of the observed educational expansion.
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CHAPTER 2

Why a labour market boom does not

necessarily bring down inequality –

Putting together Germany’s

inequality puzzle∗

2.1 Introduction

Following reunification in 1990, Germany had to face difficult economic conditions

throughout the 1990s and the early 2000s: low economic growth, a high fiscal deficit

and increasing unemployment. In the mid 2000s, however, the so-called ‘sick man of

Europe’ took off and experienced an unprecedented employment boom that has been

∗This chapter is based on: Biewen, Martin and Miriam Sturm (2022): Why a labour market boom

does not necessarily bring down inequality – Putting together Germany’s inequality puzzle. Fiscal

Studies, 43(2), 121-149. We thank the editor, James Ziliak, three anonymous reviewers, as well as

Christina Gathmann, Regina Riphahn, Judith Niehues and participants at the Annual Conference of

the European Economic Association EEA 2020, the Annual Meeting of the Verein für Socialpolitik 2020

and the Annual Meeting of the European Society for Population Economics ESPE 2021 for valuable

comments and suggestions.
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chasing its own records in recent years (Dustmann et al., 2014). Not even challenging

events such as the global financial crisis in 2008–09 or the drastically increased immig-

ration since 2014 (often referred to as the ‘refugee crisis’) have interrupted Germany’s

economic upsurge, which was only stopped by the global COVID-19 crisis starting in

2020.
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Figure 2.1 – Aggregate employment, unemployment and
non-participation shares by gender, 2000–16

(Source: Federal Statistical Office)

The magnitude of this boom is shown in figure 2.1. After several years of stagnation,

employment rates began to rise significantly for men, and even more so for women.

The boom drastically reduced unemployment and boosted labour market participation,

particularly female participation. A number of previous contributions have examined the

structure of these employment gains. For instance, Rothe and Wälde (2017) claim that

a large number of the unemployed who found a job during the boom did not go into full-

time work. Rather, they observe a substantial increase in part-time employment and non-

standard work (e.g., marginal employment). However, Ehrich et al. (2018) and Carrillo-

Tudela et al. (2021) emphasise that the boom increased participation in general, drawing

individuals into the labour market who would not have participated otherwise. This was

particularly true of women who often entered part-time or marginal employment from

non-participation.

At the same time, and as shown below, income inequality in Germany first stagnated

after the onset of the boom in 2005 but then followed a slight upward trend from 2010

onwards. Given the nature of the boom, this constitutes somewhat of a puzzle. In view of
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the drastic reduction in unemployment from over five million individuals to around half

this value, and the additional participation in part-time and marginal employment, the

boom should have massively benefitted those at the bottom of the income distribution,

leading to a reduction of income inequality.

A small number of previous contributions have considered the development of income

inequality in Germany after 2005. Peichl et al. (2018) and Sachverständigenrat zur Be-

gutachtung der gesamtwirtschaftlichen Entwicklung (2019) document the evolution of

inequality measures for disposable incomes over the same period as we do in this paper.

These studies provide evidence for first stagnating and then slightly increasing inequality

but do not attempt to relate this finding to other changes such as the employment boom.

Biewen et al. (2019) consider the period 2005–10 but struggle to establish an effect of

both the massive expansion and the compositional changes in employment after 2005

on the resulting distribution of household disposable incomes. Dustmann et al. (2022)

present an analysis of inequality trends based on the alternative dataset Einkommens-

und Verbrauchsstichprobe (EVS). They also find slightly rising inequality between 2003

and 2013 but their focus is on the role of housing expenditures on inequality.

In this paper, we aim to make the following contributions. First, we provide more evid-

ence on the exact structure of the ‘German labour market miracle’ (Burda, 2016), which

has drawn a lot of attention in the literature.1 We show that the boom was not a shift

from full-time to part-time employment but involved net gains in both categories with

the strongest component coming from the expansion of female part-time employment.

Second, we present an explicit analysis of the effects of the boom on the distribution of

net incomes based on rich microdata. Such an analysis is challenging because such ef-

fects depend on who exactly gained from the boom, how employment structures changed

within households, and how the tax and transfer system transformed gains into net

incomes. We explicitly consider heterogeneous effects of the boom on households by

modelling in detail changes in labour market participation conditional on a rich set of

individual and household characteristics. As employment trends are not the only source

1A number of alternative explanations for the boom have been proposed: wage restraint and de-
unionisation (Dustmann et al., 2014; Kügler et al., 2018), export boom (Dauth et al., 2017; Dauth
et al., 2021), Hartz reforms (controversial, see Akyol et al., 2013; Bradley and Kügler, 2019; Burda and
Seele, 2020; Hartung et al., 2018; Hochmuth et al., 2021; Hutter et al., 2022; Launov and Wälde, 2013;
Launov and Wälde, 2016), changes in early retirement (Riphahn and Schrader, 2020) and in parental
leave legislation (Bick, 2015; Geyer et al., 2015).
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of changes in the distribution of net incomes, we also consider the effects of confounding

factors such as changes in pay structures, changes in the composition of the population,

changes due to immigration, changes in other income sources such as capital income,

and changes in the tax and transfer system.

Third, we contribute to a surprisingly small body of literature that analyses possible

causes for changes in the distribution of net incomes – which is the income distribution

relevant for welfare analysis and policy – but which is the complex result of a large

number of elements such as employment, pay structures, household arrangements and

institutional circumstances (Biewen and Juhasz, 2012; Blundell et al., 2018; Daly and

Valletta, 2006; Hyslop and Maré, 2005; Jessen, 2019; Sologon et al., 2019). Much of the

literature deals with gross incomes (often derived from tax records, e.g., Armour et al.,

2013) or individual income components such as wages, which makes it difficult to assess

the consequences for the final distribution of net incomes (see Armour et al., 2013, for

a related point). An important takeaway from our analysis is the distinction between

developments in pre- and post-tax/transfer incomes.

We reach the following conclusions. Despite the continuing trend of rising income in-

equality after 2005, the employment boom did have an equalising effect. This effect,

however, was substantially dampened by the generous social security system, in particu-

lar unemployment insurance. One of the main purposes of this system is to insure income

losses due to job loss or other unforeseen causes. On the positive side, this substantially

alleviates the effect of economic downturns. On the negative side, however, this also re-

duces the effects of economic upturns on net incomes. The impact of the German social

security system appears particularly strong in this respect. Our results suggest that even

if the economic consequences of the COVID-19 shock were to reverse all the employ-

ment gains that occurred during the boom, this would only have modest effects on the

distribution of net incomes. We further show that much of the employment boom took

the form of additional part-time and marginal part-time work for women, both in single

and in non-single households. Thus, our results demonstrate that a long expansion of

employment may have a favourable effect on the distribution of incomes, even if much of

the employment gains take the form of part-time and marginal part-time work, which are

often seen as inferior forms of employment. Finally, we demonstrate that distributional

effects of employment changes may be masked by other developments, making it hard
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to determine their exact magnitude. In our case, we show that the equalising impact of

the boom was partly offset by immigration of individuals with low disposable incomes

and by long-term compositional changes in the population (educational upgrading and

population ageing).

The remainder of this chapter is structured as follows. In section 2.2, we describe the data

underlying our study. Section 2.3 provides an overview of recent trends in the German

income distribution. In section 2.4, we present and discuss our empirical results. We

conclude in section 2.5. Appendix section A.3 contains a more detailed outline of our

methods whose description in the main text is kept brief.

2.2 Data

Our study is based on the German Socio-Economic Panel (SOEP), a representative study

of households living in Germany collected and maintained by the German Institute for

Economic Research (DIW), see Goebel et al. (2019). In spite of the general limitations of

survey data, the SOEP constitutes the only data source containing sufficient information

for a study covering all relevant aspects of the distribution of net household incomes such

as different income components, employment outcomes and socio-economic characterist-

ics of all household members. Besides the SOEP core survey, we exploit the information

in the SOEP migration samples as well as in the IAB-SOEP refugee sample to assess

potential effects of immigration (see details below).

The focal point of our analysis is the distribution of annual net equivalised incomes

between the years 2005/06 (when the employment boom set in) and 2015/16 (the most

recent survey years with available income information at the time our study was car-

ried out).2 Our measure of net equivalised income is based on annual household net

income

y = yMarket + yPens + yTrans − ssc(yLabour, yPens)− tax(yTax), (2.1)

where yMarket denotes the sum of all household members’ annual market incomes (labour

2We pool years in order to increase statistical precision and to make our analysis less dependent on
individual years as in Hyslop and Maré (2005) or Blundell et al. (2007).
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income and capital incomes such as income from interest, dividends, rents3), yPens is the

sum of all pension incomes (private and public), and yTrans is the sum of public transfers

received. Household public transfers include the full range of government transfers such

as unemployment benefits, child benefits, student grants and subsistence allowances

(among others; for simplicity we also include under this label transfers between private

households). The terms ssc(yLabour, yPens) and tax(yTax) represent deductions of social

security contributions (pensions, health, unemployment and old age care insurance) as

well as income taxes paid by the household. We compute both of these components

for each household using our own income tax and social security contributions module,

which is described in appendix section A.5. In order to focus only on real income changes,

we inflate nominal income measures to prices of our most recent year 2016 (in the case

of taxes and social security contributions we do this after the respective calculations).

Finally, we equivalise annual net household income using the commonly used modified

OECD equivalence scale, and we attribute the resulting equivalised income measure to

each household member.

A big strength of a survey dataset such as the SOEP is the availability of individual

income components, mostly at the individual level, see Grabka (2017). This is crucial

for our purpose as we aim to counterfactually alter individual components such as la-

bour incomes in order to determine their effect on the resulting distribution of annual

household net incomes. An important ingredient to this analysis is the availability of

summary calendar information on monthly employment activities in different categories

(full-time, part-time, marginal part-time, unemployment) as well as information on in-

come earned in different employment activities (main job, side job, self-employment).4

The information on employment in full-time, part-time and marginal part-time work

is based on the self-reports of the survey participants intending to provide a summary

picture of all their employment activities during a given year. In particular, they include

the possibility of cumulative, parallel and/or multiple employment spells. The distinc-

tion between full-time, part-time and marginal part-time work is made by the survey

participants themselves, but we expect them to follow the fact that most full-time jobs

3Following common practice, we also include imputed rental values for owner-occupied housing and
imputed social security contributions for civil servants in household market income.

4Given our interest in the distribution of annual incomes, we do not focus on hours worked or
hourly wages apart from our distinction into full-time, part-time and marginal part-time work. See
Carrillo-Tudela et al. (2021) for some information on changes in hours worked during the period under
consideration.
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in Germany have a contractual working week of 35 to 41 hours. Part-time jobs usually

have much lower working hours. Marginal part-time work is typically either occasional

or additional employment with few or irregular working hours or takes a standardised

form with certain exemptions from taxes and social security contributions (‘minijobs’,

typically 400 to 450 euros per month).

Based on the information in the monthly income and employment calendars, we con-

struct for each individual the annual number of months worked in different employment

categories (full-time, part-time, marginal part-time) along with the average monthly

wage received in the respective category.5 We include in our definition of employment

both dependent and self-employment. Our construction is such that multiplying and

adding up individuals’ months worked and monthly wages yields the annual labour in-

come of each individual as reported in the SOEP and allows us to separately change

employment quantities and wage rates in our counterfactual simulations.6

Our analysis makes use of a large number of further characteristics at the individual

and at the household level. In general, we distinguish between the following six different

household types: (i) single pensioner households (65 years or older), (ii) multiple pen-

sioner households (at least one household member 65 years or older and no household

member under 55 years), (iii) single adults without children, (iv) multiple adults without

children, (v) single adults with children, and (vi) multiple adults with children. Within

households we consider detailed individual information on the household head and (if

present) the partner or the second oldest adult in the household (gender, age, nation-

ality, educational qualification in three categories, work experience in years, see table

2.2). For certain purposes, we also use information on individual employment histories

(such as the number of months worked in different employment categories in the past

three years, see below for more details). In addition to the characteristics of individual

5This requires some choices to reconcile the information in the employment and income calendars,
see appendix A.2 for more details. Appendix A.2 also provides information regarding the comparability
of SOEP employment data with those from other sources.

6The full use of employment information from the annual activity calendars of household members
is an important difference to our previous study Biewen et al. (2019) which only used crude information
on employment at the household level and only from the survey month (rather than over a full calendar
year) along with descriptive information about different income measures over time. This turns out to be
a crucial difference, as Biewen et al. (2019) failed to establish a clear relationship between employment
changes and changes in the distribution of net incomes. Another important difference is that our earlier
paper considered only the short time period 2005/06 to 2010/11, whereas the current paper covers the
whole period of the economic upturn 2005/06 to 2015/16.
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household members, we consider information on the number of children in the house-

hold in different age categories (0-3, 4-6, 7-17 years), the number of further adults in

the household, and whether the household resides in East or in West Germany.

All our computations make full use of the SOEP sampling weights provided by the

DIW, which ensure that our results represent the full German population. For statistical

inference, we use bootstrapping, taking into account the repeated observation of the same

households in different years and the clustering of individuals within households when

computing bootstrap confidence intervals (Biewen, 2002).

2.3 General trends

Figure 2.2 displays inequality trends in equivalised net incomes since the year 2000.

Consistent with previous contributions, the graphs show that income inequality first

stagnated after the onset of the labour market boom in 2005 but then followed a slight

upward trend from 2010 onwards. The upward trend after 2010 is present in the upper

half of the distribution (percentile ratio P90/P50), but is even more pronounced in the

lower half (percentile ratio P50/P10).
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Figure 2.2 – Inequality in equivalised net incomes
(Source: Socio-Economic Panel, own calculations)
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The development of mean and median equivalised income is shown in figure 2.3a. After

years of stagnation between 2000 and 2005, the average living standard started to grow

again in the same year as the employment boom began. Figure 2.3b shows the devel-

opment of the semi-official ‘at-risk-of-poverty rate’ (the proportion of individuals with

incomes below the relative poverty line of 60 percent of the median), suggesting further

strong increases in relative poverty risk after 2010.
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Figure 2.3 – Development of mean/median income and relative poverty rate
(Source: Socio-Economic Panel, own calculations)

Finally, figure 2.4 presents a more detailed description of distributional change for our

period under investigation. The figure displays the relative change of the percentiles of

the distribution of net equivalised incomes between 2005/06 and 2015/16, indicating in

which parts of the distribution (real) income growth was largest. It turns out that all

parts of the distribution were shifted upwards, but that growth was relatively modest

in the lower part (2.5 to 7.5 percent), larger at the very top (around 7.5 percent), and

largest in the upper middle part (7.5 to 10 percent), leading to a small increase in

inequality between 2005/06 and 2015/16.7

7See Dustmann et al. (2022) for an analysis of inequality trends based on the alternative dataset
Einkommens- und Verbrauchsstichprobe (EVS). Dustmann et al. (2022) also find slightly rising inequal-
ity between 2003 and 2013, but the fact that the EVS is only available every four years as well as a
number of differences in survey design make it difficult to compare their analysis with our comparison
of the years 2005/06 vs. 2015/16.
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Figure 2.4 – Relative changes of income percentiles of net
equivalised income 2005/06 vs. 2015/16
(Source: Socio-Economic Panel, own calculations)

2.4 Empirical analysis

The goal of the following analysis is to determine the contribution of the substantial

changes in the level and composition of employment between 2005/06 and 2015/16 with

regards to the observed changes in the income distribution, as shown in figure 2.4. In

order to assess the role of potential confounders, we also describe the contribution of

factors other than employment to the pattern shown in figure 2.4. Our general method

will be to compute counterfactual distributions of net equivalised incomes for the target

period 2015/16 in which we change only one factor (e.g., employment), while keeping

all other factors as they are in 2015/16. The comparison of counterfactual vs. factual

change will then yield an estimate of the isolated effect of the given factor on the income

distribution as observed in 2015/16.8

8This is commonly accepted methodology in econometric decomposition analysis, see Fortin et al.
(2011). It is important to note that this approach does not address general equilibrium effects. On the
positive side, it avoids the large number of potentially controversial assumptions that are necessary to
model such effects. Policymakers often prefer this approach over equilibrium models for transparency.
We view both methods as complementary. The advantage of the method used here is that the potential
quantitative importance of different channels of distributional change can be determined in a transparent
way with minimal assumptions. It provides an ‘anatomy’ of observed changes that allows us to assess
which factors were important and which factors played a negligible role, not claiming their role as final
causal determinants. See appendix A.4 for additional discussion.
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2.4.1 Distributional effects of the employment boom

Employment changes

We now turn to our analysis of the effects of the employment boom on the distribution

of incomes. As described above, our data include detailed information on the annual

number of months worked in the different categories of full-time work, part-time work

and marginal part-time work. We model counterfactual changes in these employment

quantities below. In order to see how the employment boom affected the different forms of

employment, we plot in figure 2.5 the evolution of the average number of months worked

per year in the different employment categories, separately for men and women. For men,

we observe an increase in full-time work between 2005 and 2010, but a stagnation or even

decline after 2012 (figure 2.5a). Male part-time and marginal part-time work consistently

grew after 2005, albeit at a relatively low level. Interestingly, male non-participation did

not decline after 2005 as strongly as unemployment did.
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Figure 2.5 – Annual number of months worked in different employment categories, indi-
viduals aged 18–64, not in education

(Source: Socio-Economic Panel, own calculations)

Employment changes were much more dynamic for women (figure 2.5b). In particular,

female full-time employment grew considerably between 2005 and 2010. Female part-

time employment also consistently increased after 2005, and its growth substantially

accelerated after 2010. Female participation in marginal part-time employment also

continued to grow after 2005, but growth rates were much lower than in 2003 when this

form of employment was liberalised. The steep decline in female non-participation shows

that female employment gains mostly came out of non-participation.
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To sum up, the employment boom after 2005 led to substantial employment growth

for both men and women, but its most important component was additional full- and

part-time employment of women out of non-participation. This evidence is consistent

with that from other data sources, see section 2.1, Carrillo-Tudela et al. (2021), Riphahn

and Schrader (2020) and appendix A.2.9

Before we turn to our detailed micro-analysis of the effect of employment changes on the

income distribution, we present a suggestive preliminary analysis aimed at describing

the incidence of employment growth across the deciles of the distribution. Figure 2.6a

plots the average yearly gains in the number of months worked in the different employ-

ment categories per household across different positions of the distribution of equivalised

incomes.10 It appears as if households in the lower part of the distribution substantially

gained full-time employment months, while households in the upper part lost over the

period 2005–16. This would be a misleading interpretation, however, because it is likely

that households in the lower part always tend to gain employment (even in the absence

of an employment boom because low income is associated with low employment that can

only be increased), while households in the upper part tend to lose employment (because

high income is typically associated with a high degree of employment that often cannot

be increased further, i.e., mean reversion).

Therefore, in order to determine the effect of the employment boom compared with the

previous situation, it makes sense to subtract from figure 2.6a the corresponding figure

2.6b for the period before the boom (i.e., 2000–04). The differential effect shown in

figure 2.6c suggests that households at the bottom of the distribution indeed benefitted

substantially from full-time employment gains due to the boom and that there were also

gains in the middle of the distribution, albeit to a lesser extent. The pattern for part-time

employment is similar but not as pronounced. Note that the general level of part-time

employment is lower, so that relative gains are still substantial. The growth of marginal

part-time employment tends to be negative relative to the period 2000–04. This can be

explained by the fact that this type of employment experienced idiosyncratic gains in

9Carrillo-Tudela et al. (2021) focus on the age group 25–54 years. Riphahn and Schrader (2020)
show that the group of 55–64 year old workers significantly increased their participation after 2005,
countering the trend of declining male participation in younger age groups.

10More precisely, we compute for each household from a particular income decile the change in
months worked in the different categories from year t to year t+1 and average these changes over years
and over households from the respective decile.
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Figure 2.6 – Growth of the absolute annual number of months worked per household across
the deciles of the distribution of net equivalised incomes

(Source: Socio-Economic Panel, own calculations)

the year of its liberalisation 2003. Summing up, our preliminary analysis suggests that

the employment boom led to employment gains for most parts of the distribution, but

that the lower part gained more than the upper part.

We now turn to our more detailed analysis of the effects of the employment boom on

the distribution of incomes. Our goal is to model for each individual aged 18–64 and

not in education counterfactual employment quantities for 2015/16 that would have pre-

vailed if the boom had not taken place, i.e., if the labour market situation in 2015/16

had been as unfavourable as in 2005/06. In order to do this, we describe the number

of months worked per year in the different employment categories (full-time, part-time,
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marginal part-time) conditional on individual characteristics using logit models.11 We

estimate separate models for each gender and each employment category conditional

on the following covariates: nationality, East German residence, disability status, age,

age squared, educational qualifications in three categories, work experience, work ex-

perience squared and the number of children in different age categories. To account for

state dependence in labour market participation, we also include the number of months

unemployed/employed in the different employment categories (full-time, part-time, mar-

ginal part-time) in the past three years. We estimate such models both for the labour

market situation in 2005/06 and 2015/16. Comparing the predictions from these mod-

els for a given individual yields a correction term, reflecting how much less/more this

individual would have worked in 2015/16 if the labour market situation had still been

as in 2005/06. We use this correction term to adjust the factual number of months of

each individual observed in 2015/16 into the direction of a counterfactual representing

the number of months this individual would have worked in 2015/16 if the employment

boom had not taken place.
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Figure 2.7 – Difference in annual months worked 2015/16 compared to counterfactual
situation with individual employment probabilities as in 2005/06,

individuals aged 18–64, not in education
(Source: Socio-Economic Panel, own calculations)

Figure 2.7 shows the value of these correction terms across the deciles of the distribution

of equivalised incomes, separately for men and women.12 Again, it turns out that ab-

solute employment gains compared to a counterfactual situation in which employment

11What follows is an abbreviated description of our calculations. See appendix A for more information
and detailed estimation results.

12We thank an anonymous referee for suggesting this representation.
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quantities were as in the pre-boom situation of 2005/06 were particularly strong for

individuals in the lower part of the distribution. For example, men’s average number of

full-time months was around a quarter of a month higher in the lower third of the dis-

tribution compared to the counterfactual pre-boom situation (figure 2.7a). For women,

the average number of part-time months was 0.5 to 1.5 months higher in the lower part

of the distribution compared to the pre-boom situation, while the number of full-time

months was higher by 0.25 to .5 months. For women, we also observe sizeable gains in

part-time and full-time months in the upper half of the distribution (figure 2.7b).

Given the finding that women, especially, increased their participation, it is interest-

ing to see whether this was an added worker effect (i.e., wives entering full-time or

part-time work) or increased participation in single households. This can be answered

using transition rates between different labour market states (tables A.1 and A.2 in ap-

pendix section A.1). The comparison of average annual transition rates for the pre-boom

period 2000–04 with those for the period 2005–16 suggests that, for men, the moder-

ate increases in full-time and part-time employment were mainly fuelled by increased

transitions from non-participation or part-time employment to full-time employment as

well as by increased transitions from unemployment to part-time employment in non-

single households. A further striking finding is the decline in the transition rate from

unemployment, part-time and marginal part-time into non-participation.13

For women, the comparison suggests that the increases in female full-time and part-time

work were related to increased transitions from non-participation to full-time or part-

time work in non-single households (supporting an added worker effect). Transitions to

marginal part-time out of unemployment and non-participation also increased for women

in non-single households, while downward transitions from part-time work to marginal

part-time also became less frequent. Interestingly, we find no evidence for upgrading from

part-time to full-time work, neither for single nor for non-single women. While increased

transition intensities to full-time and part-time work mostly applied to women in non-

single households, the last columns of tables A.1 and A.2 suggest that women in single

households experienced a stabilisation of all forms of labour market participation in the

sense that transitions from employment or unemployment to inactivity were considerably

reduced (this was much less the case for women in non-single households). This indicates

13See Carrillo-Tudela et al. (2021) for related evidence, but for monthly rather than yearly transitions.

26



CHAPTER 2. 2.4. Empirical analysis

that also women in single households benefitted from employment gains.
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Figure 2.8 – Share of different types of labour income in overall household income, non-
pensioner households

(Source: Socio-Economic Panel, own calculations)

The fact that women experienced much higher employment gains than men is also

reflected in the rising contribution of female labour income to overall labour income

as shown in figures 2.8a and 2.8b. The figures display the share of household labour

income that was contributed by men and women in the different employment categories

among single and non-single households (excluding pensioner households, see section

2.2 for the definition of different household types). Among single households, full-time

labour income of men and women contributed almost equally to overall household labour

income, but while the male full-time income share declined, that of women was stable and

the female part-time share strongly increased (figure 2.8a). The contribution of female

marginal part-time income also declined in favour of more part-time labour income. We

conclude that the substantial gains in female participation in part-time work was not

only due to an added worker effect but also applied to a large extent to women in single

households (possibly with children).

Among non-single households, increasing part-time participation by women also drove up

the female part-time labour income share, providing evidence for an added worker effect.

By contrast, the share of female full-time income in overall household income increased

only slightly. In figure A.2, we show that there were increases in the female full-time

labour share in the upper two thirds of the income distribution and in households with
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children, but these were counteracted by decreases in the lower third of the distribution.

Increases in female part-time labour income shares mostly applied to the lower two-thirds

of the distribution and were much weaker in the upper third.14

Effects on the distribution of net incomes

In order to trace the consequences of these employment changes for equivalised household

incomes, we multiply the counterfactual employment months with the monthly wage of

the individual in the respective employment category (if observed), or with a monthly

wage that we predict using the same set of individual characteristics as in the models for

employment in cases in which we do not observe the individual’s wage in the respective

category (these cases were rare as most individuals reduced their employment in the

counterfactual pre-boom scenario).

In cases in which individuals counterfactually lose employment (because they would have

been unemployed or inactive in the labour market absent the employment boom), we

check whether these individuals would be entitled to unemployment benefit I (ALG I),

which depends on the individual labour market history. In order to account for the fact

that labour market histories would have been much less favourable in 2015/16 if the

employment boom had not taken place, we counterfactually correct each individual’s

labour market history to reflect how it would have looked under the labour market

conditions of 2005/06 (see appendix A.3 for more details). We then calculate the amount

of ALG I based on the corrected labour market histories, and impute this income source

to all individuals eligible.

In a next step, we sum up all counterfactual income changes per household and recalcu-

late income tax and social security contributions. If the resulting household net income

lies below the household minimum income threshold (‘Hartz IV Regelsatz’) plus housing

costs, the household is entitled to the so-called unemployment benefit II (ALG II). In

these cases, we compute the exact amount of ALG II (plus housing costs) and replace

the net income of the household with this amount. Finally, we equivalise the resulting

household net incomes using our equivalence scale.

14It is possible that the labour income shares also changed because wage rates for the different forms
of employment changed. We show in section 2.4.2, however, that this happened only to a very small
extent.
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The comparison of the counterfactual income distribution for 2015/16 obtained in this

way with the factual distribution of 2015/16 reveals which parts of the distribution

gained from the boom in terms of net income and to what extent. The results shown

in figure 2.9 (dashed line) indicate that the lower part of the distribution benefitted

more from the boom than the upper part, consistent with our preliminary analysis in

figures 2.6 and 2.7. An important reason why the effects of the boom are not larger is

that the consequences of changing back employment quantities to the level of 2005/06

are considerably alleviated by the social security system. If the labour market situation

in 2015/16 had been as bad as in 2005/06, not all the individuals affected would have

been without income. Many of them would have been entitled to ALG I or II. In order

to assess this aspect, the dotted line in figure 2.9 shows the gross effect of the boom,

i.e., without assigning unemployment benefits to individuals who counterfactually lost

employment in our calculations. As expected, this effect is very substantial.
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Figure 2.9 – Relative change of income percentiles due to the employment boom
(Source: Socio-Economic Panel, own calculations)

Our counterfactual calculations are supported by figure 2.10 displaying the factual

changes in the distribution of equivalised incomes before and after taxes and trans-

fers. Similar to figure 2.9, we observe large relative gains in incomes before taxes and

transfers at the bottom of the distribution, which are not translated into correspond-

ing income gains after taxes and transfers. However, figure 2.10 includes the effect of all

other factors (apart from employment) and does not disentangle the effects of individual

aspects as we do in our counterfactual analyses (see below).
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taxes and transfers

(Source: Socio-Economic Panel, own calculations)

Summing up, we draw the following tentative conclusions about the impact of the em-

ployment boom on the German income distribution. First, the employment boom led

to substantial income gains across the whole distribution. Second, the lower part of the

distribution benefitted more than the upper part, most likely because the boom preven-

ted many individuals from being unemployed in 2015/16 (this is implicitly revealed by

the difference between the dotted and dashed lines in figure 2.9). Third, the main source

of income gains was additional female labour income from part-time and, to a lesser

extent, from full-time work out of non-participation or unemployment. Female employ-

ment expanded both in single and in non-single households. Fourth, the effects of the

boom were substantially dampened by the generous social security system as many of

the individuals who gained employment through the boom would have been eligible for

unemployment benefits or household minimum income without it. It is well-known that,

due to its generosity, in-work net income in the German system is often not much higher

than out-of-work net income, especially for households at the bottom of the distribution

and/or with many children. In a more general sense, the effects of additional employ-

ment on incomes were also dampened by the progressive tax system, which in part taxes

away additional income (this applies in particular to additional income earned by second

earners in the household due to the joint taxation of spouses in the German tax system).

To put it differently, the boom made incomes before taxes and transfers more equal, but

this effect was less pronounced after taxes and transfers because the system is effective
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at counteracting inequality. Fifth, on balance, the boom had an equalising effect on the

distribution of net incomes, albeit a moderate one. This follows from column 1 of table

2.3 where we compute the effect of the counterfactual changes on different inequality

measures. Finally, sixth, while the boom produced a substantial contribution to overall

distributional change (see the solid line in figure 2.9), there must be other factors that

also contributed.

2.4.2 Other factors

Given that the employment boom cannot fully account for the changes in the distribu-

tion between 2005/06 and 2015/16, we look at a number of other potential explanations:

i) immigration, ii) changes in household types, iii) changes in individual and household

characteristics, iv) changes in the level and structure of pay, v) changes in capital in-

comes, and vi) changes in the tax and transfer system. Considering the effect of other

factors is important for our understanding of the effects of the boom because its impact

may have been wiped out or masked by the countervailing impact of other develop-

ments.

Immigration

Like many other countries, Germany experienced substantial immigration during the

period under investigation, in particular in the context of the so-called ‘refugee crisis’ of

2014/15, in the course of which a large number of individuals from the Middle East found

refuge in the country. Our database contains information on immigration through a

number of refreshment samples (SOEP samples M1 Migration 1995–2010, M2 Migration

2009–13, M3/4 Refugees 2013–15). In order to assess the potential effect of immigration

on the distribution of net incomes, we carry out the following counterfactual exercise:

we omit all individuals (as well as their children) who immigrated to the country after

2005 from our sample. As in our other computations, this will ignore potential general

equilibrium effects of immigration. Such effects are expected to be small, however, as

many of the individuals who immigrated after 2005 were refugees who were not allowed

to participate in the labour market in the first years after their arrival. Unfortunately,

income information on individuals who immigrated as refugees is available for the first

time for the year 2016, so that the following results compare 2005/06 to 2016 (rather
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than to 2015/16).

Migration group Number of individuals

Aussiedler, Germans living abroad 132,574
EU foreigners 924,646
Asylum seekers/refugees 792,356
Other/no information 1,748,241

Sum 3,598,817

Table 2.1 – Number of individuals who immigrated to Germany between 2005 and 2016
(Source: Socio-Economic Panel, grossed-up numbers using sample weights)

Table 2.1 gives an overview of the number of individuals in our sample counted as

having immigrated into the country after 2005 (grossed up to population figures using the

sample weights). The total figure of around 3.6 million corresponds well to that reported

by the Federal Government (Bundesamt für Migration und Flüchtlinge, 2017). Apart

from Aussiedler (ethnic Germans born in Eastern European countries with the right to

migrate to Germany) and Germans returning from abroad, EU foreigners and refugees

constitute the largest groups among the individuals who immigrated after 2005. Our data

also contain a large number of immigrants without information on their exact status (the

“Other/no information”group in table 2.1). Judged from their observable characteristics,

most of these individuals are likely to also belong to the ”Asylum seekers/refugees”

group.

Figure 2.11 shows the effect of omitting individuals who immigrated since 2005 from the

distribution of incomes in 2016. The lower grey line demonstrates that the overall effect

of immigration was such that lower parts of the distribution were pulled downwards

by up to 4 percent. The other lines show that this was mainly due to the group of

refugees and the “no information” group, while the group of EU foreigners and ethnic

Germans did not differ much in their composition of incomes compared with the native

population. The effect at the lower end is substantial and suggests that the mere fact

that a large number of individuals with very low incomes joined the population may

account for some of the poor income growth at the bottom of the distribution of net

incomes (and may neutralise some of the positive effects of the employment boom). In

table 2.3, we show that this had an inequality-increasing effect.
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Figure 2.11 – Relative change of income percentiles due to immigration between 2005 and
2016

(Source: Socio-Economic Panel, own calculations)

Changes in household types

Changes in the composition of the population with respect to household types constitute

another factor that potentially masks effects of the employment boom on the income dis-

tribution. If the share of household types with low equivalent income secularly increases

(e.g., lone parents, pensioners), this will lead to increasing inequality independent of

employment gains for low-income households.

Figure 2.12 shows that changes in household types over the period under investigation

were substantial. In particular, multiple adult households without children and pensioner

households increased their population shares at the expense of multiple adult households

with children. In order to assess the effect of this development on the income distribution,

we counterfactually change the population weights of the different household types in

the income distribution of 2015/16 to those in 2005/06 (see appendix A.3 for more

details). Figure 2.13a shows that, despite the substantial changes, the effect of doing

this is negligible, i.e., changes in household types do not help to account for changes in

the distribution between 2005/06 and 2015/16.
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Figure 2.12 – Development of household types over time
(Source: Socio-Economic Panel, own calculations)

Note: household types are 1) single pensioners, 2) multiple pensioners, 3) single adults without children, 4) multiple
adults without children, 5) single adults with children, 6) multiple adults with children
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Figure 2.13 – Relative changes of income percentiles due to other factors
(Source: Socio-Economic Panel, own calculations)
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Changes in individual and household characteristics

Next, we consider finer compositional changes in the structure of the population. For

example, it may be the case that educational upgrading and population ageing induced

more income inequality because a shift towards higher educational qualifications and

older age groups raised the share of population subgroups with high income disper-

sion (increasing within-group inequality), or increased the divide between education or

age groups (increasing between-group inequality). Table 2.2 summarises the changes in

the individual and household characteristics we have considered. As expected, there is

a trend towards higher age, work experience and education as well as towards more

households with female heads and fewer children.

Variable Average 2005/06 Average 2015/16 Difference
Household head

Female 0.37 0.43 +0.06
Foreign nationality 0.08 0.10 +0.02
Age 50.18 52.47 +2.29
University degree 0.19 0.25 +0.06
Vocational training 0.63 0.59 -0.04
Less than vocational training 0.18 0.15 -0.02
Work experience (years) 12.22 13.35 +1.13

Partner or second oldest person (if any)
Female 0.72 0.63 -0.09
Foreign nationality 0.11 0.10 -0.01
Age 46.97 49.28 +2.31
University degree 0.14 0.17 +0.03
Vocational training 0.59 0.51 -0.08
Less than vocational training 0.27 0.32 +0.04
Work experience (years) 9.95 10.40 +0.45

Other household characteristics
East Germany 0.21 0.20 -0.01
Number of children in household 0.70 0.61 -0.08
Number of children 0-3 years 0.11 0.11 0.00
Number of children 4-6 years 0.12 0.10 -0.02
Number of children 7-17 years 0.47 0.41 -0.07
More than two adults 0.18 0.17 0.00

Table 2.2 – Individual and household characteristics in 2005/06 and in 2015/16
(Source: Socio-Economic Panel, own calculations)

We compute the effect of these changes on the income distribution in 2015/16 by re-

weighting the distribution of these characteristics back to the one observed in 2005/06,

leaving everything else constant. We do this separately by household type using the semi-
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parametric reweighting procedure proposed by DiNardo et al. (1996) (see appendix A.3

for more details). Figure 2.13b shows that the impact of changes in these characteristics

on the distribution of incomes was considerable. The shift towards higher age and edu-

cation groups implied higher income levels, especially in the middle and at the top of

the distribution. This contributed to increasing inequality, counteracting the pro-poor

income growth induced by the employment boom (column 4 of table 2.3). The composi-

tional effects of changing income-relevant characteristics is consistent with findings in the

literature showing that these can account for a large part of changes in the distribution

of wages (Biewen and Seckler, 2019; Dustmann et al., 2009).

Changes in the level and structure of pay

Apart from quantities, prices for employment may have changed over the period we

have considered. In order to describe the potential effect of this factor on the distribu-

tion of net incomes, for each individual observed in 2015/16 we form a counterfactual

wage that mimics the wage this person would have earned under the pay structures of

2005/06.15 To this end, we regress monthly (log) wages on the following characteristics:

nationality, East German residence, disability status, age, age squared, three education

categories, work experience and work experience squared. We do this separately for

the three employment categories, the two genders, and the two situations 2005/06 and

2015/16, the latter representing the pay structures in 2005/06 and in 2015/16, respect-

ively. We then compute for each individual observed working in 2015/16 a correction

term based on the difference in wage predictions under the pay structures of 2005/06

and 2015/16, reflecting how much higher/lower the individual’s wage would have been

under the pay structure of 2005/06. We also consider changes in pay for unobservables

(i.e., wage residuals) assuming that the individual would have had the same rank in the

distribution of residual wages in 2005/06 as in 2015/16. The resulting counterfactual

wages are then multiplied by the observed number of months worked in the different

employment categories, yielding changes in individual and household market income. Fi-

nally, we compute taxes and social security contributions for the changed sum of incomes

and carry out the equivalisation.

15See appendix A for more information and detailed regression results.
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Note that this procedure captures changes both in the level and in the structure of

wages.16 The results of this exercise are shown in figure 2.13c. It turns out that changes

in pay played only a minor role for the development of the income distribution between

2005/06 and 2015/16. There were small real wage gains, which were slightly higher

for the middle of the distribution. This did not significantly impact income inequality

(see lower panel of table 2.3). The (missing) effect of changes in pay structures for

the period under investigation found in our analysis is consistent with evidence from

administrative data showing that, after increasing inequality before 2005, the quantiles

of the wage distribution mostly developed in a horizontal way, implying stagnating real

incomes and no increasing inequality after 2005 (see Baumgarten et al., 2020, p. 7,

Figure 1b). The important conclusion for our analysis is that the income effects of the

boom did not operate much through increasing wages in a tighter labour market or

by changes in productivity sharing but mainly by increasing employment quantities at

constant pay.

Changes in capital incomes

Changes in capital incomes may also have influenced the income distribution in the

period we have considered. We investigate this by constructing a counterfactual dis-

tribution of net incomes that results if one changes back the distribution of capital

incomes to its state in 2005/06, leaving everything else constant. We do this by trans-

forming each household’s rental income and each household’s other capital incomes by

multiplying them by the ratio of the percentiles of these distributions in 2005/06 and

2015/16 based on the corresponding ranks of the household in 2015/16 (see appendix

A.3 for more details). Again, this reflects both changes in the level and the dispersion

of capital incomes.

The effect of changing rental and other capital incomes is shown in figure 2.13d. The

figure suggests that changes in capital incomes depressed the income distribution. This

is in line with the fact that real interest rates fell over the period considered. Perhaps

surprisingly, these effects occured uniformly across the distribution. Our analysis comes

with the caveat that survey data (e.g., from SOEP) do not cover developments at the

very top of the income distribution (Bartels and Jenderny, 2015). However, the results in

16Recall that we only consider changes in real wages as all of our wage information is expressed in
prices of 2016.
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Bartels and Jenderny (2015) suggest that changes at the very top of the German income

distribution were relatively modest compared to those in other countries such as the

United States. Also note that the respondents in our survey may report certain capital

incomes as income from self-employment (in our study included in labour income).

Drechsel-Grau et al. (2015) have shown on the basis of tax data that, if one excludes

incomes from owner-run enterprises, capital incomes are indeed approximately uniform

across the German income distribution. Overall, we do not find any evidence for an

important role of capital incomes for changes in the distribution of net incomes, but

certainly cannot rule out effects at the very top not covered by our data.

Changes in the tax and transfer system

We consider the effect of the following changes in the German tax and transfer system

that occurred between 2005/06 and 2015/16.

Changes in transfers:

• Extension of mothers’ pensions (two, instead of one year, of implicit contributions

for children born before 1992)

• Abolishment of the temporary supplement to ALG II after receipt of ALG I (trans-

itionary payment for individuals whose ALG I ran out amounting to 2/3 of the

difference between ALG I and ALG II in the first year, and 1/3 in the second year)

• Higher child allowances, higher student allowances, higher ALG II (we only con-

sider the part of the increase since 2005 that was higher than inflation)

Changes in the tax system (including changes in social security contribution rates):

• Introduction of a ‘rich tax’ (marginal tax rate of 45 percent instead of 42 percent

starting from 250,000 (500,000) euros taxable income per annum)

• Withholding tax for capital incomes (flat rate of 25 percent instead of personal

tax rate)

• Changes in the tax schedule (changes in a number of tax allowances plus various

changes in marginal tax rates)

38



CHAPTER 2. 2.4. Empirical analysis

• Changes in social security contribution rates (mainly reductions, e.g., lower con-

tribution rates to unemployment insurance due to falling unemployment)

We describe the effects of these changes on the distribution of net incomes by counterfac-

tually undoing each of these reforms. We emphasise that, as in our other computations,

we ignore potential behavioural reactions to these changes.17 The results of these oper-

ations are shown in figures 2.14a and 2.14b. Figure 2.14a and the numbers in table 2.3

demonstrate that the changes in the transfer system tended to have an equalising effect,

mainly due to the extended mothers’ pension and the higher child allowances. However,

the changes in the tax schedule mainly benefitted households in the middle and the top

part of the distribution (households at the bottom of the distribution typically do not

pay income tax). This had an inequality-increasing effect (figure 2.14b and table 2.3).

The fall in social security contribution rates led to small income gains in the middle

of the distribution, but not at the bottom and the top (households at the bottom are

typically not employed and labour incomes in households at the top typically exceed the

social security contributions ceiling).
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Figure 2.14 – Relative change of income percentiles due to tax and transfer changes
(Source: Socio-Economic Panel, own calculations)

17Such reactions are likely to be small and they typically counteract the original effects (Jessen,
2019), rendering our calculations upper bounds.
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Index Employment boom Immigration HH types HH characteristics

Mean +471.037 -362.008 +79.502 +908.138
[+314.302 ; +626.474] [-429.526 ; -293.971] [-49.634 ; +205.381] [+668.401 ; +1146.968]

Median +512.069 -366.039 +61.764 +749.205
[+320.035 ; +717.644] [-485.849 ; -254.829] [-62.887 ; +188.914] [+510.938 ; +972.845]

P90/P10 -0.073 +0.078 +0.025 +0.090
[-0.131 ; -0.019] [+0.038 ; +0.121] [+0.002 ; +0.053] [+0.021 ; +0.156]

P90/P50 -.019 +0.011 +0.004 +0.025
[-0.036 ; +0.000] [-0.004 ; +0.024] [-0.004 ; +0.014] [-0.001 ; +0.051]

P50/P10 -0.019 +0.031 +0.010 +0.023
[-0.047 ; +0.006] [+0.010 ; +0.052] [+0.000 ; +0.021] [-0.003 ; +0.048]

Gini -0.003 +0.004 +0.001 +0.005
[-0.005 ; -0.001] [+0.003 ; +0.005] [+0.000 ; +0.002] [+0.002 ; +0.008]

Poverty rate -0.002 +0.005 +0.001 +0.004
[-0.007 ; +0.002] [+0.002 ; +0.008] [-0.001 ; +0.003] [-0.001 ; +0.009]

Index Pay structures Capital incomes Transfers Tax and SSC

Mean +160.299 -159.121 +117.167 +526.212
[-63.717 ; +385.391] [-210.710 ; -108.257] [+112.257 ; +121.559] [+506.540 ; +544.972]

Median +209.604 -144.170 +154.761 +518.147
[+26.584 ; +400.229] [-198.236 ; -87.573] [+117.870 ; +196.741] [+452.883 ; +585.615]

P90/P10 +0.001 -0.006 -0.053 +0.050
[-0.055 ; +0.057] [-0.026 ; +0.014] [-0.074 ; -0.030] [+0.024 ; +0.080]

P90/P50 -0.005 -0.002 -0.012 +0.001
[-0.030 ; +0.018] [-0.009 ; 0.006] [-0.016 ; -0.007] [-0.012 ; +0.014]

P50/P10 +0.006 -0.001 -0.016 +0.027
[-0.012 ; +0.025] [-0.010 ; +0.006] [-0.027 ; -0.004] [+0.016 ; +0.038]

Gini -0.001 -0.000 -0.003 +0.001
[-0.004 ; +0.004] [-0.001 ; +0.000] [-0.003 ; -0.002] [+0.001 ; +0.002]

Poverty rate +0.002 -0.000 -0.003 +0.004
[-0.001 ; +0.006] [-0.002 ; +0.001] [-0.005 ; -0.002] [+0.002 ; +0.007]

Index Sum Factual change

Mean +1741.358 +1919.746
[+1322.354 ; +2162.391] [+1477.581 ; +2344.251]

Median +1695.39 +1921.334
[+1244.221 ; +2154.239] [+1539.278 ; +2312.802]

P90/P10 +0.112 +0.121
[-0.027 ; +0.261] [-0.011 ; +0.246]

P90/P50 +0.003 -0.014
[-0.057 ; +0.061] [-0.063 ; +0.038]

P50/P10 + 0.059 +0.080
[-0.001 ; +0.117] [+0.027 ; +0.136]

Gini +0.005 +0.003
[-0.001 ; +0.011] [-0.006 ; +0.011]

Poverty rate +0.011 +0.020
[-0.001 ; +0.022] [+0.011 ; 0.030]

95% bootstrap confidence intervals in brackets (1000 replications)

Table 2.3 – Effects on inequality measures
(Source: Socio-Economic Panel, own calculations)
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2.4.3 Summary of changes
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Figure 2.15 – Factual change vs. sum of counterfactual changes with and without employ-
ment boom

(Source: Socio-Economic Panel, own calculations)

How successful are our calculations at putting together Germany’s inequality puzzle?

Figure 2.15a shows that the sum of all changes modelled by us reconstructs the observed

changes in the distribution strikingly well. This is also the case for the inequality calcula-

tions in table 2.3, although these are more affected by the non-smooth form of the sum of

changes (figure 2.15a). Figure 2.15b, showing the sum of all changes without the employ-

ment boom, suggests that the employment boom indeed contributed substantially to the

distributional changes between 2005/06 and 2015/16, but that its impact was masked

by a number of other developments, which also undid some of its inequality-reducing

effects.

2.5 Conclusion

In this paper, we have addressed the question of why income inequality and poverty

risk remained persistently high in Germany, despite an unprecedented labour market

boom that drastically reduced unemployment and particularly boosted employment in

the lower part of the distribution. We reach the following conclusions. First, the boom

indeed increased incomes and reduced inequality as lower parts of the distribution be-

nefitted more than the middle or the upper part. Second, the effects of the boom on net

incomes were substantially dampened by the social security system and the progressive

tax system, which reduce the impact of economic downturns on disposable incomes, but
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also that of economic upturns. Third, much of the boom took the form of additional

female part-time and full-time employment, demonstrating that such employment gains

may not only boost incomes but have equalising effects. Fourth, the effects of the boom

on the income distribution were masked by a number of other developments such as

immigration of individuals with low incomes and changes in the composition of the pop-

ulation (educational upgrading and population ageing), making it difficult to determine

their exact magnitude. Finally, our results imply that if the COVID-19 shock were to

reverse all the employment gains that occurred during the boom, this would only have

a moderately disequalising effect on the distribution of net incomes due to the strong

role of the German tax and transfer system as a distributional stabiliser.
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Appendix A

A.1 Transition rates between employment states

In the following tables, the main yearly labour market state is defined as the one with

the majority of months. Ties were resolved according the following ordering: full-time,

part-time, marginal part-time, unemployment, non-participation.

Men Women

S
in
g
le

FT PT MPT UNEM NP FT PT MPT UNEM NP
FT 0.920 0.019 0.005 0.038 0.015 FT 0.876 0.039 0.011 0.029 0.043
PT 0.231 0.620 0.043 0.046 0.060 PT 0.145 0.672 0.064 0.048 0.065
MPT 0.188 0.104 0.404 0.134 0.162 MPT 0.069 0.125 0.570 0.062 0.155
UNEM 0.142 0.033 0.046 0.650 0.128 UNEM 0.109 0.069 0.073 0.617 0.131
NP 0.083 0.016 0.068 0.074 0.662 NP 0.058 0.039 0.044 0.060 0.701

N
o
n
-s
in
g
le

FT PT MPT UNEM NP FT PT MPT UNEM NP
FT 0.926 0.012 0.008 0.027 0.023 FT 0.830 0.069 0.018 0.030 0.053
PT 0.248 0.403 0.133 0.059 0.151 PT 0.100 0.741 0.078 0.024 0.055
MPT 0.152 0.080 0.448 0.080 0.220 MPT 0.051 0.149 0.619 0.027 0.151
UNEM 0.199 0.018 0.048 0.579 0.154 UNEM 0.112 0.065 0.063 0.562 0.198
NP 0.118 0.031 0.077 0.038 0.654 NP 0.047 0.059 0.066 0.024 0.783

Table A.1 – Average yearly transition rates 2000-2004
Average yearly transition rates between employment states (origin = rows, destination = columns) based on main
employment state in given year (majority of months), 2000-2004, individuals aged 18 to 64 years, not in education

(Source: Socio-Economic Panel, own calculations)

Men Women

S
in
g
le

FT PT MPT UNEM NP FT PT MPT UNEM NP
FT 0.936 0.014 0.010 0.021 0.013 FT 0.900 0.040 0.014 0.014 0.026
PT 0.234 0.571 0.043 0.079 0.068 PT 0.149 0.717 0.043 0.033 0.044
MPT 0.120 0.096 0.570 0.128 0.080 MPT 0.098 0.127 0.549 0.100 0.106
UNEM 0.127 0.029 0.066 0.693 0.074 UNEM 0.077 0.068 0.100 0.659 0.087
NP 0.078 0.020 0.084 0.060 0.681 NP 0.066 0.053 0.081 0.061 0.658

N
o
n
-s
in
g
le

FT PT MPT UNEM NP FT PT MPT UNEM NP
FT 0.938 0.014 0.008 0.015 0.018 FT 0.849 0.071 0.015 0.011 0.053
PT 0.302 0.502 0.077 0.029 0.082 PT 0.095 0.806 0.038 0.016 0.043
MPT 0.151 0.067 0.488 0.077 0.198 MPT 0.053 0.109 0.671 0.025 0.139
UNEM 0.199 0.037 0.081 0.561 0.116 UNEM 0.090 0.073 0.097 0.571 0.167
NP 0.137 0.034 0.111 0.031 0.628 NP 0.062 0.072 0.102 0.026 0.721

Table A.2 – Average yearly transition rates 2015-2016
Average yearly transition rates between employment states (origin = rows, destination = columns) based on main
employment state in given year (majority of months), 2015-2016, individuals aged 18 to 64 years, not in education

(Source: Socio-Economic Panel, own calculations)

A.2 Employment information in the SOEP

As described in the main text, we use information on the annual number of months

worked in different employment categories along with their associated earnings in order

to carry out counterfactual analyses. The information we use comes from two parts of the

survey: (i) summary information on annual number of months spent in full-time, part-

time and marginal part-time work (employment calendar), (ii) summary information
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about the earnings from different sources: self-employment, main job and side job, along

with the annual number of months worked for these categories (income calendar). The

information in both calendars is in most cases consistent, but in a number of cases

we observe employment spells or earnings that appear in one calendar but not in the

other. In order to derive variables for the number of months worked in full-time, part-

time and marginal part-time that consistently add up with the reported earnings to the

total annual labour income of the individual (resulting from the income calendar), we

make certain adjustments for these cases. For example, if we observe information in the

income calendar but no associated spells in the employment calendar, we impute these

spells into the other calendar using information on the level of pay along with other

information and vice versa (codes are available on request).

Despite limitations with regard to comparability, the employment numbers in the SOEP

generally correspond quite well to those from official sources, see table A.3. A notable

exception are the numbers for dependent full-time employment for which our SOEP data

generally implies both higher employment rates and for men also smaller increases due

to the boom. One likely explanation for these differences is the fact that the employment

numbers provided by the Federal Employment Agency only represent officially reported

employment subject to social security contributions. Thus, they exclude substantial parts

of overall employment such as civil servants (not subject to social security contributions),

cross-border employment and other forms of potentially unreported employment such

as work in family businesses or in the shadow economy. As to the latter, it is likely that

a number of jobs that went unreported before the boom were transformed into officially

reported jobs subject to social security contributions during the more stable boom con-

ditions. Another potential difference is the sometimes unclear distinction between self-

employment and dependent employment. The fact that SOEP numbers for dependent

employment are generally higher but those for self-employment lower compared to the

other sources suggests that SOEP participants may report jobs as dependent full-time

employment although they could be defined as self-employment.
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Men

SOEP Official sources

Employment rate 2005/06 2015/16 2005/06 2015/16

Self-employed 0.091 0.084 0.104 0.102
Dependent full-time work 0.615 0.626 0.519 0.575
Part-time 0.031 0.054 0.028 0.065
Marginal part-time (main job) 0.098 0.106 0.094 0.117
Marginal part-time (side job) 0.028 0.048 0.031 0.050

Women

SOEP Official sources

2005/06 2015/16 2005/06 2015/16

Self-employed 0.029 0.037 0.055 0.058
Dependent full-time work 0.302 0.342 0.283 0.306
Part-time 0.194 0.267 0.181 0.264
Marginal part-time (main job) 0.179 0.178 0.169 0.184
Marginal part-time (side job) 0.028 0.048 0.031 0.050

Table A.3 – Employment rates
Employment rates in population aged 18-64 according to SOEP and official sources

(Federal Statistical Office, Federal Employment Agency, Eurostat)

SOEP: An individual was classified as self-employed, full-time employed, part-time employed if this

activity represented the majority of months in the employment calendar. An individual was classified

having marginal employment if she reported a positive number of months employed in this category. An

individual was classified as having marginal employment as a side job if she reported a positive number

of months employed in marginal employment but was mainly classified as self-employed, full-time or

part-time employed.

Official sources: All employment rates were calculated from absolute numbers which were divided by

the size of the population aged 18-64 years (Source: Federal Statistical Office). The information on

full-time and part-time employment stems from the Federal Employment Agency (administrative social

security data) and refers to the number of jobs subject to social security contributions at the 30th June

of each year. We corrected the structural break in reporting full-time vs. part-time employment from

2010 to 2011 (Fitzenberger and Seidlitz, 2020) by adding the jump in part-time employment between

2010 and 2011 to the numbers for part-time employment before 2011 and by subtracting it from the

numbers of full-time employment before 2011. The numbers on marginal part-time jobs are also due

to the Federal Employment Agency. For marginal part-time jobs in addition to other employment, no

separate numbers are available for men and women (we divided these numbers proportionally among

men and women). The numbers on self-employment (not included in the data of the Federal Employment

Agency) are from the the Labor Force Survey/Eurostat as reported in Bonin et al. (2020).
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A.3 Counterfactual analysis

This section documents more details of our counterfactual analyses.

Employment boom

The distribution of months worked per year in the different employment categories turns

out to be very bipolar with little mass on the intermediate outcomes 1 to 11 months.

Preliminary experiments with different ordinal models suggested that it is practically

impossible to predict the exact number of months outside 0 or 12 months, or even

whether this number lies between 0 and 12. Therefore, and in order to preserve the

clear distinction between participation and non-participation, we defined in our logit

models for each employment category an outcome zero (0 months worked per year in

the respective employment category) and an outcome one (1 to 12 months worked per

year). In order to eventually also obtain predicted values 1 to 11 for months worked per

year as observed in the data, we calculated for each observation a “rounding correction”

which is equal to the observed value minus the “rounded value” (the rounded value is

zero months for actual zero months, and twelve months for actual 1 to 12 months). The

implied rounding correction is zero for observed months zero, and equal to the observed

value minus twelve for all other observations. We then predict with our logit model zeros

and ones in the usual way using a probability cutoff and assign to logit predictions zero

the value zero months and to logit predictions one initially the value twelve months. We

then add back the “rounding correction”, capping all resulting values at zero months (if

negative) or twelve months (if larger than twelve). In this way, we obtain a distribution

of predicted months that very closely resembles the distribution of observed months and

that at the same time preserves for a large number of observations the fact that the

corresponding individual had an intermediate value of months worked per year.

In a robustness analysis illustrated in appendix A.6, we vary the definition of outcomes

in our logit models as follows: (i) Categorisation of 0 to 5 months into zero and of 6

to 12 months into one, applying an analogous rounding correction to predicted values

zero and twelve months (i.e., adding back the difference between the observed values

and“rounded values” zero and twelve, always capping predictions at zero if negative and

at twelve if larger than twelve). (ii) Categorisation of 0 months into zero and of 1 to
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12 months into one, but no rounding correction (i.e., predictions are always either zero

or twelve months). For robustness analysis (i) the results of which are shown in figure

A.3, we obtain slightly larger income gains in the lower part of the distribution, while

robustness analysis (ii) yields almost identical results to our main analysis, see figure

A.4.

In order to compute our counterfactual predictions, we estimate logit models18 for the

months worked (separately for full-time, part-time, marginal part-time) in the two la-

bour market situations 2005/06 (period 0) and 2015/16 (period 1), conditional on the

following individual characteristics: nationality, East German residence, disability status,

age, age squared, three education categories, work experience, work experience squared,

the number of children in different age categories as well as the number of months un-

employed and employed in the last three years in the three employment categories. We

estimate these models separately by gender and employment category. From each lo-

git model we calculate the number of predicted months in each employment category

as described in the first paragraph of this section. We use the difference in predicted

number of months employed in each category for 2005/06 vs. 2015/16 per individual to

correct the actual number of months worked by individuals observed in 2015/16 into

the direction of the labour market situation of 2005/06 (i.e., before the boom):19

MonthsFT
1,cf
i = MonthsFT 1

i + ( ̂MonthsFT
0

i − ̂MonthsFT
1

i ) (A.1)

MonthsPT
1,cf
i = MonthsPT 1

i + ( ̂MonthsPT
0

i − ̂MonthsPT
1

i ) (A.2)

MonthsMarg
1,cf
i = MonthsMarg1i + ( ̂MonthsMarg

0

i − ̂MonthsMarg
1

i ). (A.3)

The correction terms reflect how much lower/higher the number of months worked by

the individual would have been if the labour market situation in 2015/16 had still been

as in 2005/06, given her observed characteristics. We cap the counterfactually predicted

number of months worked MonthsFT
1,cf
i ,MonthsPT

1,cf
i ,MonthsMarg

1,cf
i at 0 or 12 in

case they lie outside the interval 0 to 12. To account for the connectedness of decisions

18Full estimation results are contained in appendix A.7, see tables A.4 to A.6
19For the terms in brackets, note that the “rounding correction” applied to compute the predictions

is the same for 2005/06 and 2015/16, i.e., it does not include changes in the prevalence of intermediate
values 1-11 months worked. However, the proportion of such intermediate values is small (lower than
10% or lower than 5% depending on the employment category) and it does not change much over time.
As a consequence, results are not much influenced by this aspect.
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in the three employment categories, we include the number of full-time months as a

regressor in the models for part-time months and the number of full-time/part-time

months in the models for marginal part-time. We also cap the counterfactual number of

part-time months MonthsPT
1,cf
i at twelve minus the counterfactual number of full-time

months in order to rule out that the combined counterfactual number of full-time and

part-time months exceeds twelve. We do not cap the counterfactual number of marginal

part-time months MonthsMarg
1,cf
i (other than constraining it to lie in the interval 0

to 12) in order to allow for the possibility of fully parallel spells of marginal part-time

along full- or part-time employment (such cases exist in our analysis as well as in the

real world).

For our employment models, we only consider individuals aged between 18 and 64 years

who are not in education. Our logit predictions are specified such that the counterfactual

distribution of months worked in the different categories resembles the factual distribu-

tion of 2005/06. In order to take account of the fact that labour market histories in the

situation of 2005/06 would generally have been much less favourable than in the situ-

ation of 2015/16, we also correct the observed number of months unemployed/worked in

the past three years (separately by full-time, part-time, marginal part-time status) for

each individual before we compute counterfactual predictions using a similar procedure

as for the number of months worked (i.e., we estimate regressions for these quantities

both for 2005/06 and 2015/16 and use the difference in predictions to correct the values

observed for 2015/16 into the direction of 2005/06).

The counterfactual annual labour income of individuals observed in 2015/16 reflecting

the labour market situation of 2005/06 is then computed as

MonthsFT
1,cf
i ·WageFT

1

i +MonthsPT
1,cf
i ·WagePT

1

i +MonthsMarg
1,cf
i ·WageMarg

1

i

(A.4)

where WageFT
1

i , WagePT
1

i and WageMarg
1

i denote the monthly wages of the indi-

vidual in the respective employment category. If the monthly wage of the individual in

an employment category with non-zero counterfactual months is not observed, we pre-

dict it based on wage regressions conditional on the following individual characteristics

(separately by gender): nationality, East German residence, disability status, age, age
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squared, three education categories, experience and experience squared.20

If an individual is hit by a counterfactual loss of at least six full-time months (relative

to the observed number of months worked in 2015/16), we check whether this individual

would be entitled to unemployment benefit I (ALG I). For this, we use the employment

history of the individual in the past three years which was corrected earlier for the fact

that employment histories in 2005/06 were less favourable than 2015/16 (see above).

If the individual is entitled to unemployment benefit I in the counterfactual state, we

compute the exact entitlement per individual and month and assign it to the individual

for the number of counterfactually lost employment months.

In the next step, we sum up all income sources per household (including the counterfactu-

ally changed labour incomes) and recompute taxes and social security contributions. The

resulting counterfactual household net income is given by (in simplified notation):

ycf = yMarket + ∆̂yLabour + yPens + yTrans + ∆̂yTrans

− ssc1(yLabour + ∆̂yLabour, yPens)− tax1(yTax + ∆̂yLabour),
(A.5)

where yMarket, yLabour, yPens, yTrans and yTax denote household market income, household

labour income, household pension income, transfers received by the household and the

household’s taxable income, respectively. The terms ∆̂yLabour and ∆̂yTrans incorporate

the counterfactual changes in household labour incomes and the counterfactual addi-

tion/subtraction of ALG I due to losses/gains in employment. The changes in labour

incomes further feed into social security contributions and taxes, as reflected by the last

two components in equation (A.5).

In a last step, we check whether the above net household income falls below the subsist-

ence level of unemployment benefit II (ALG II or Hartz IV ) plus costs for accommod-

ation and heating. If this is the case, ycf is replaced by the latter.

Immigration

To assess the impact of immigration on the distribution of net incomes between 2005/06

and 2016, we omit for the year 2016 all individuals who immigrated into the country

20These are the same wage regressions as in section A.3 and are reported in appendix A.7, see tables
A.9 to A.11.
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between 2005 and 2016 as well as children below 16 years of age living in their households

(see main text for more details). In the SOEP, individuals under 16 years do not complete

their own questionnaire but are only described by the household head. Our results do

not change in any substantial way if we do not omit children living in the households of

recent immigrants.

Changes in household types

To establish a counterfactual income distribution in which everything is as in 2015/16

(period 1) but the distribution of household types is as in 2005/06 (period 0), we replace

in the situation of 2015/16 the population shares of the different household types by

those of 2005/06. Formally,

fcf (y) =
6∑

j=1

w0jf1j(y), (A.6)

where w0j denote the population shares of household types j = 1, . . . , 6 in period 0, and

f1j the distribution of net equivalent incomes of individuals living in household type

j = 1, . . . , 6 in period 1.

Changes in individual and household characteristics

In a similar fashion, we construct an income distribution that would have prevailed in

2015/16 if the joint distribution of individual and household characteristics x had still

been as in 2005/06. To this end, we compute, separately by household type j,

fcf,j(y) =

∫

x

f1j(y|x)
[
dF0j(x)

dF1j(x)

]

dF1j(x), (A.7)

with reweighting factors

dF0j(x)

dF1j(x)
=

Pj(x|t = 0)

Pj(x|t = 1)
=

Pj(t = 0|x)
Pj(t = 1|x)

· Pj(t = 1)

Pj(t = 0)
(A.8)

obtained from predictions based on logit models Pj(t = 1|x), Pj(t = 0|x). We include

into the logit models all the individual and household characteristics listed in table

2.2.21 The reweighting factors are computed by household type and we include for each

21The estimation results for these logit models are reported in appendix A.7, see tables A.7 and A.8.
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household type only the characteristics that are present in the respective type (e.g., we

do not include information on children in household types without children). The terms

Pj(t = 1), Pj(1 = 0) are the weighted sample fractions of period 1 and 0, respectively, in

the combined sample of periods 1 and 0. The final counterfactual distribution is obtained

by aggregating across all household types,

fcf (y) =
6∑

j=1

w1jfcf,j(y). (A.9)

Changes in the level and structure of pay

In order to assess the effects of changes in the level and structure of the returns to

labour market characteristics, we estimate wage regressions for the labour market situ-

ations in 2005/06 (period 0) and 2015/16 (period 1), separately by gender and the three

employment categories (full time, part time, marginal part time).22

The regressions for monthly wages take the form

log(wage) = zβ + u, (A.10)

where the vector of individual characteristics z includes nationality, East German res-

idence, disability status, age, age squared, educational qualification in three categories,

work experience and work experience squared. We include in our regressions only in-

dividuals aged between 18 and 64 years who are not in education. Our counterfactual

wage computations capture three aspects: i) general wage gains (reflected in the chan-

ging regression intercepts), ii) changes in wage differentials (reflected in the changes of

the estimated regression coefficients β̂), and iii) changes in the dispersion of unobserved

(i.e., residual) wage components u.

More concretely, we carry out the following calculations:

ŵage1(z, rank1) = exp(zβ̂1 + û1(rank1)) (A.11)

ŵage0(z, rank1) = exp(zβ̂0 + û0(rank1)) (A.12)

22The detailed regression results are available in appendix A.7, see tables A.9 to A.11.
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wage
cf
1 = wage1 + (ŵage0(z, rank1)− ŵage1(z, rank1)). (A.13)

As evident from the last line, the factual wages in 2015/16 are corrected up-

wards/downwards by a correction term reflecting how much more/less a person with

characteristics z and rank1 in the residual wage distribution of period 1 would have

earned in period 1 if the pay structure in period 1 had still been as in period 0. Note

that all wage changes are in real terms (all wage information is expressed in prices of

2016, except for tax calculations for which we termporarily convert incomes back to

nominal values).

We then multiply the counterfactual wages of each person by the actual number of

months worked in the respective employment category to obtain the counterfactual

annual labour income under the assumptions that the level and structure of pay in

2015/16 had been as in 2005/06. Summing within households and recomputing taxes and

social security contributions yields the counterfactual annual household net income

ycf = yMarket + ∆̂yLabour + yPens + yTrans

− ssc1(yLabour + ∆̂yLabour, yPens)− tax1(yTax + ∆̂yLabour).
(A.14)

Changes in capital incomes

For the computation of counterfactual capital incomes, we first determine the rank of

the household in period 1 (2015/16) in the distribution of rental incomes, RentRank1,

and the rank in the distribution of other capital incomes, CapRank1. We then compute

the ratio of the percentiles belonging to this rank in the two distributions of period 0

and period 1 to rescale the observed value of rental and other capital incomes of period

1. This leads to the correction terms

∆̂yRent = PercRent0(RentRank1)
yRent

PercRent1(RentRank1)
− yRent (A.15)

∆̂yCap = PercCap0(CapRank1)
yCap

PercCap1(CapRank1)
− yCap, (A.16)

which we use to correct household capital incomes in order to arrive at counterfactual

household net income reflecting the level and structure of capital incomes of period 0
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(2005/06)

ycf = yMarket + ∆̂yRent + ∆̂yCap + yPens + yTrans

− ssc1(yLabour, yPens)− tax1(yTax + ∆̂yRent + ∆̂yCap).
(A.17)

Changes in the transfer system

For our counterfactual simulations, we reverse the reforms listed in the main text (ex-

tension of mothers’ pension, the abolition of the temporary supplement to ALG II after

receipt of ALG I, the changes in child/student allowances and in unemployment benefit

II) by changing the respective income component at the level of the individual in period

1 (2015/16) and by aggregating at the household level. This yields our counterfactual

annual household income

ycf = yMarket + yPens + ∆̂yPens + yTrans + ∆̂yTrans

− ssc1(yLabour, yPens + ∆̂yPens)− tax1(yTax + ∆̂yPens).
(A.18)

Changes in taxes and social security contributions

To assess the effects of changes in the tax and social security system, we replace in the

calculations for period 1 (2015/16) the tax and social security contributions system with

that of period 0 (2005/06):

ycf = yMarket + yPens + yTrans − ssc0(yLabour, yPens)− tax0(yTax) (A.19)

For more details about our simulation of taxes and social security contributions, see

appendix section A.5.

A.4 Limitations of our methodology

As pointed out in the main text, our counterfactual calculations ignore behavioural

reactions and equilibrium effects. Note that such effects have often been found to be

small, see Jessen (2019). Modelling such effects would necessarily rely on a large number

of potentially controversial and often arbitrary assumptions. This represents a trade-off.

Ignoring equilibrium effects certainly also presents a limitation, but the effects calculated

by us present transparent counterfactual operations allowing us to assess the quantitative
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importance of different channels of distributional change irrespective of whether we

attach a causal interpretation to them.

On a related note, we point out that the validity of our results is generally not affected

by the presence of endogenous explanatory variables in our models for employment and

wages. The reason is that our task is counterfactual prediction rather than causal mod-

elling. The only assumption we have to maintain is that the degree of endogeneity of

our regressors does not change substantially between periods 0 and 1. For example,

if the correlation between education and unobservables in 2015/16 is the same as in

2005/06, we can realistically predict the wage of a person with a certain level of edu-

cation in 2015/16 using the counterfactual wage schedule of 2005/06 because regression

coefficients incorporate the effect of correlated unobserved components (such as ability)

whose correlation with observables is, by assumption, constant over time. Any unproxied

selectivity with respect to unobservables or changes therein certainly remain a limita-

tion of the analysis. Note, however, that correcting for unobserved selectivity generally

requires valid instrumental variables which are typically unavailable.

A.5 Income tax and social security contributions

Our income tax calcuations comprise the following elements:

• Joint taxation of married couples living in the same household

• Deduction of various tax allowances (Sonderausgabenpauschale, Werbungskosten-

pauschale, Altersentlastungsbetrag, contributions to pension and social security sys-

tem, extra allowances for lone parents)

• Exact computation of income tax burden using tax formula of given year

• Taxes on old age pensions incl. allowances (increasing tax rate across years, Ver-

sorgungsfreibetrag, Versorgungshöchstbetrag, Altersentlastungsbetrag)

• Progression clause for unemployment benefit I and maternity benefits (Progres-

sionsvorbehalt, i.e., these income sources are not taxed but they are added when

determining the marginal tax rate)

• Child allowance: households either receive the child allowance as a direct payment,
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or, if more favourable, deduct child allowances from their taxable income in order

to reduce their tax burden (Günstigerprüfung Kindergeld)

• Withholding tax on income from interest, dividends and similar income sources

introduced 1st January 2009 (Abgeltungssteuer, flat rate of 25 percent)

• Solidarity surcharge (5.5 percent on income tax burden)

The calculation of contributions to the social security system include the following ele-

ments:

• The exact value of the social security contribution ceiling in the pension, unem-

ployment, health and old age care insurance in each year

• The exact contribution rates in the pension, unemployment, health and old age

care insurance in each year (only contributions by employees, not by employers)

• The exact contribution rates in the health and old age care insurance in each year

for the income sources of pensioners that are subject to social security contributions
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A.6 Additional figures
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Figure A.1 – Share of household labour income contributed by men/women
Shares of household labour income contributed by men/women from different employment categories in households with

and without children (Source: Socio-Economic Panel, own calculations)
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(b) Middle tercile
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Figure A.2 – Share of household labour income contributed by men/women by tercile
Shares of household labour income contributed by men/women from different employment categories in the lower,

middle and upper part of the distribution of net equivalised incomes (Source: Socio-Economic Panel, own calculations)
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Figure A.3 – Robustness (i): alternative definition of employment intensity
Robustness analysis (i): relative change of percentiles of net equivalised income due to the employment boom, logit

specification (zero = 0 to 5 months worked, one = 6 to 12 months worked) and rounding correction to obtain
intermediate values 1 to 11 months for predicted months worked

(Source: Socio-Economic Panel, own calculations)
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Figure A.4 – Robustness (ii): specification without rounding correction
Robustness analysis (ii): relative change of percentiles of net equivalised income due to the employment boom, logit

specification as in paper (zero = 0 months worked, one = 1 to 12 months worked) but no rounding correction to obtain
intermediate values 1 to 11 months for predicted months worked (i.e., counterfactual predictions are either zero or

twelve months) (Source: Socio-Economic Panel, own calculations)
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A.7 Additional tables

Men Women

Variable 2005/06 2015/16 2005/06 2015/16

Foreign nationality -0.613 0.133 -0.242 0.067
[0.184] [0.172] [0.171] [0.134]

East Germany -0.338 -0.242 0.390 0.277
[0.117] [0.143] [0.112] [0.128]

Disability -1.255 -1.247 -0.719 -0.904
[0.132] [0.158] [0.161] [0.137]

Age 0.208 0.272 0.061 0.050
[0.043] [0.040] [0.035] [0.033]

Age2 -0.004 -0.004 -0.002 -0.001
[0.000] [0.000] [0.000] [0.000]

University degree 1.570 0.657 0.812 0.450
[0.201] [0.191] [0.158] [0.148]

Abitur and/or voc. train. 0.797 0.393 0.161 -0.012
[0.153] [0.153] [0.135] [0.132]

Years of work experience 0.150 0.067 0.107 0.045
[0.048] [0.037] [0.025] [0.027]

Years of work experience2 -0.001 0.000 -0.003 -0.001
[0.002] [0.001] [0.001] [0.001]

FT months in past 3 years 0.094 0.122 0.111 0.138
[0.003] [0.005] [0.004] [0.004]

PT months in past 3 years -0.081 -0.045 -0.034 -0.017
[0.010] [0.008] [0.005] [0.005]

MPT months in past 3 years -0.043 -0.031 -0.037 -0.017
[0.008] [0.008] [0.006] [0.005]

UNEM months in past 3 years -0.066 -0.045 -0.035 -0.026
[0.006] [0.008] [0.009] [0.006]

Fraction of HH age < 3 -0.178 -0.294 -2.799 -2.326
[0.165] [0.234] [0.227] [0.265]

Fraction of HH 3 < age ≤ 6 0.078 -0.103 -0.729 -0.597
[0.173] [0.176] [0.196] [0.127]

Fraction of HH 6 < age ≤ 17 -0.146 -0.182 -0.509 -0.427
[0.082] [0.066] [0.069] [0.061]

Constant -2.834 -4.754 -1.571 -1.370
[0.733] [0.706] [0.688] [0.617]

N 12,751 15,267 13,936 18,117
No. cluster 6,876 8,811 7,636 10,179

Standard errors in parenthesis (clustered at the household level)

Table A.4 – Logit estimation results (full-time employment)
Logit models for full-time employment, 0=zero months per year,

1=one to twelve months per year (Source: Socio-Economic Panel, own calculations)
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Men Women

Variable 2005/06 2015/16 2005/06 2015/16

Foreign nationality -0.267 0.444 -0.331 -0.032
[0.344] [0.234] [0.192] [0.169]

East Germany -0.319 -0.008 0.013 0.099
[0.192] [0.209] [0.146] [0.128]

Disability -0.725 -1.159 -1.216 -1.283
[0.283] [0.307] [0.222] [0.223]

Age 0.027 0.096 0.135 0.198
[0.060] [0.060] [0.044] [0.039]

Age2 -0.002 -0.002 -0.003 -0.003
[0.001] [0.001] [0.000] [0.000]

University degree 1.519 0.988 0.871 0.951
[0.322] [0.284] [0.192] [0.179]

Abitur and/or voc. train. 0.463 0.211 0.512 0.336
[0.264] [0.230] [0.144] [0.158]

Years of work experience 0.130 -0.035 0.181 0.066
[0.065] [0.050] [0.025] [0.025]

Years of work experience2 -0.001 0.002 -0.003 -0.001
[0.002] [0.002] [0.001] [0.001]

FT months in past 3 years 0.035 0.086 0.068 0.063
[0.009] [0.009] [0.005] [0.006]

PT months in past 3 years 0.126 0.175 0.116 0.152
[0.011] [0.011] [0.005] [0.006]

MPT months in past 3 years 0.008 0.044 -0.037 0.002
[0.012] [0.012] [0.007] [0.006]

UNEM months in past 3 years -0.039 -0.008 -0.038 -0.006
[0.011] [0.010] [0.008] [0.006]

Fraction of HH age < 3 0.389 0.022 -0.851 -0.780
[0.243] [0.200] [0.145] [0.154]

Fraction of HH 3 < age ≤ 6 0.085 0.001 0.365 0.163
[0.248] [0.205] [0.128] [0.108]

Fraction of HH 6 < age ≤ 17 -0.013 0.128 0.054 -0.215
[0.114] [0.091] [0.075] [0.068]

Months in FT -0.422 -0.447 -0.620 -0.602
[0.024] [0.026] [0.030] [0.029]

Constant -1.663 -4.190 -4.233 -4.891
[1.074] [1.041] [0.875] [0.777]

N 12,751 15,267 13,936 18,117
No. cluster 6,876 8,811 7,636 10,179

Standard errors in parenthesis (clustered at the household level)

Table A.5 – Logit estimation results (part-time employment)
Logit models for part-time employment, 0=zero months per year,

1=one to twelve months per year (Source: Socio-Economic Panel, own calculations)
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Men Women

Variable 2005/06 2015/16 2005/06 2015/16

Foreign nationality -0.507 -0.127 -0.100 0.131
[0.282] [0.205] [0.183] [0.146]

East Germany -0.524 -0.230 -0.150 -0.299
[0.145] [0.148] [0.129] [0.135]

Disability -0.539 -0.233 -0.701 -0.747
[0.227] [0.204] [0.202] [0.169]

Age -0.004 0.010 -0.008 0.000
[0.063] [0.056] [0.039] [0.034]

Age2 -0.001 -0.000 -0.001 -0.000
[0.001] [0.001] [0.000] [0.000]

University degree 0.577 -0.066 0.242 0.089
[0.234] [0.210] [0.186] [0.162]

Abitur and/or voc. train. 0.141 -0.372 0.182 0.391
[0.189] [0.175] [0.143] [0.127]

Years of work experience 0.155 0.056 0.101 0.055
[0.065] [0.055] [0.028] [0.023]

Years of work experience2 -0.002 -0.002 -0.002 -0.001
[0.002] [0.002] [0.001] [0.001]

FT months in past 3 years 0.011 0.046 0.021 0.039
[0.007] [0.008] [0.006] [0.006]

PT months in past 3 years 0.060 0.060 0.045 0.058
[0.012] [0.012] [0.006] [0.006]

MPT months in past 3 years 0.140 0.145 0.134 0.133
[0.008] [0.007] [0.006] [0.005]

UNEM months in past 3 years 0.000 -0.002 -0.006 0.003
[0.007] [0.008] [0.006] [0.005]

Fraction of HH age < 3 0.035 0.335 -0.824 -0.071
[0.193] [0.178] [0.150] [0.147]

Fraction of HH 3 < age ≤ 6 0.135 -0.107 0.354 0.104
[0.236] [0.182] [0.139] [0.122]

Fraction of HH 6 < age ≤ 17 -0.023 0.130 -0.096 -0.045
[0.093] [0.066] [0.073] [0.063]

Months in FT -0.230 -0.265 -0.271 -0.290
[0.019] [0.019] [0.018] [0.016]

Months in PT -0.291 -0.324 -0.310 -0.285
[0.038] [0.039] [0.020] [0.015]

Constant -1.288 -2.209 -0.688 -1.488
[1.080] [0.984] [0.734] [0.648]

N 12,751 15,267 13,936 18,117
No. cluster 6,876 8,811 7,636 10,179

Standard errors in parenthesis (clustered at the household level)

Table A.6 – Logit estimation results (marginal part-time employment)
Logit models for marginal part-time employment, 0=zero months per year, 1=one to twelve months per year (Source:

Socio-Economic Panel, own calculations)
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HH-type 1 2 3

Female head of HH -0.101
[0.100]

Foreign nationality head of HH 1.008 0.852
[0.331] [0.153]

University degree head of HH 0.994 0.599
[0.145] [0.145]

Abitur and/or voc. training head of HH 0.570 0.174
[0.101] [0.130]

Years of work experience head of HH 0.043 0.025 0.019
[0.006] [0.008] [0.005]

Age head of HH -0.057 0.053
[0.011] [0.008]

Age head of HH2 0.001
[0.000]

East Germany head of HH -0.396
[0.104]

Spouse/2nd person female -0.908
[0.119]

Spouse/2nd person foreign 0.752
[0.246]

Spouse/2nd person Abitur and/or voc. training 0.072
[0.089]

Spouse/2nd person years of work experience 0.018
[0.004]

Constant -0.019 -4.024 -0.150
[0.276] [0.645] [0.068]

N 4,964 13,637 8,092
No. cluster 2,430 3,370 4,582

Standard errors in parenthesis (clustered at the household level)

Table A.7 – Logit estimation results for reweighting, households without children
Logit models for reweighting (0=in 2005/06, 1=in 2015/16), household types: (1) single pensioner households, (2)

multiple pensioner households and (3) single adult households without children
(Source: Socio-Economic Panel, own calculations)
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HH-type 4 5 6

Female head of HH 0.240 -0.907
[0.116] [0.280]

Foreign nationality head of HH 0.446
[0.151]

University degree head of HH 0.446 0.363
[0.123] [0.085]

Abitur and/or voc. training head of HH 0.297
[0.110]

Years of work experience head of HH 0.022 -0.079 -0.023
[0.007] [0.044] [0.026]

Years of work experience head of HH2 0.005 0.002
[0.002] [0.001]

Age head of HH -0.048
[0.013]

Age head of HH2 0.000
[0.000]

East Germany head of HH -0.201 0.232
[0.076] [0.182]

Spouse/2nd person female -0.210
[0.119]

Spouse/2nd person foreign -0.533 -0.135
[0.154] [0.107]

Spouse/2nd person university degree 0.308 -0.236
[0.102] [0.125]

Spouse/2nd person Abitur and/or voc. training -0.469
[0.098]

Spouse/2nd person years of work experience -0.088 -0.058
[0.012] [0.021]

Spouse/2nd person years of work experience2 0.003 0.003
[0.000] [0.001]

Spouse/2nd person age 0.034 -0.040
[0.013] [0.033]

Spouse/2nd person age2 -0.000 0.001
[0.000] [0.000]

Fraction of HH age < 3 0.295
[0.080]

Fraction of HH 3 < age ≤ 6 0.186
[0.079]

> 2 adults in HH -0.231
[0.100]

Constant 0.799 0.065
[0.324] [0.598]

N 27,782 6,508 55,801
No. cluster 6,948 1,598 7,965

Standard errors in parenthesis (clustered at the household level)

Table A.8 – Logit estimation results for reweighting, households with children
Logit models for reweighting, household types: (4) multiple adult household without children, (5) single adult household

with children and (6) multiple adult household with children (Source: Socio-Economic Panel, own calculations)
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Men Women

Variable 2005/06 2015/16 2005/06 2015/16

Foreign nationality -0.044 -0.159 -0.119 -0.148
[0.034] [0.026] [0.048] [0.037]

East Germany -0.404 -0.379 -0.360 -0.237
[0.021] [0.024] [0.031] [0.027]

Disability -0.077 -0.118 -0.038 -0.063
[0.034] [0.035] [0.058] [0.042]

Age 0.035 0.065 0.036 0.019
[0.010] [0.009] [0.012] 0.009

Age2 -0.000 -0.001 -0.000 -0.000
[0.000] [0.000] [0.000] [0.000]

University degree 0.619 0.628 0.706 0.669
[0.036] [0.033] [0.053] [0.044]

Abitur and/or voc. train. 0.165 0.174 0.244 0.286
[0.029] [0.028] [0.050] [0.039]

Years of work experience 0.038 0.020 0.024 0.022
[0.010] [0.008] [0.010] [0.008]

Years of work experience2 -0.001 -0.001 -0.001 -0.001
[0.000] [0.000] [0.000] [0.000]

Constant 6.876 6.311 6.698 6.932
[0.181] [0.184] [0.223] [0.174]

N 10,265 11,278 5,047 5,815
No. cluster 5,726 6,336 3,085 3,541

Standard errors in parenthesis (clustered at the household level)

Table A.9 – Full-time wage regressions
Estimation results for monthly log full-time wages
(Source: Socio-Economic Panel, own calculations)
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Men Women

Variable 2005/06 2015/16 2005/06 2015/16

Foreign nationality -0.042 -0.025 -0.130 -0.126
[0.133] [0.092] [0.063] [0.063]

East Germany -0.193 -0.042 -0.053 -0.046
[0.103] [0.082] [0.038] [0.045]

Disability -0.129 -0.023 0.156 0.052
[0.123] [0.099] [0.094] [0.059]

Age 0.049 0.003 0.019 0.036
[0.031] [0.029] [0.016] [0.012]

Age2 -0.001 -0.000 -0.000 -0.001
[0.000] [0.000] [0.000] [0.000]

University degree 0.319 0.673 0.672 0.542
[0.143] [0.120] [0.058] [0.048]

Abitur and/or voc. train. 0.117 0.207 0.166 0.164
[0.124] [0.095] [0.047] [0.042]

Years of work experience 0.024 0.069 0.040 0.032
[0.030] [0.025] [0.008] [0.006]

Years of work experience2 0.000 -0.002 -0.001 -0.000
[0.001] [0.001] [0.000] [0.000]

Constant 5.935 6.789 6.542 6.287
[0.547] [0.511] [0.319] [0.235]

N 516 887 3,456 5,797
No. cluster 407 667 2,243 3,562

Table A.10 – Part-time wage regressions
Estimation results for monthly log part-time wages
(Source: Socio-Economic Panel, own calculations)
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Men Women

Variable 2005/06 2015/16 2005/06 2015/16

Foreign nationality 0.347 0.271 -0.006 0.081
[0.125] [0.080] [0.063] [0.060]

East Germany -0.178 -0.152 -0.379 -0.193
[0.091] [0.102] [0.064] [0.076]

Disability -0.196 0.234 -0.280 -0.075
[0.131] [0.114] [0.097] [0.095]

Age -0.051 -0.040 -0.018 -0.006
[0.025] [0.025] [0.016] [0.014]

Age2 0.000 0.000 0.000 -0.000
[0.000] [0.000] [0.000] [0.000]

University degree -0.038 -0.076 0.083 -0.214
[0.145] [0.141] [0.096] [0.083]

Abitur and/or voc. train. -0.013 0.018 0.068 -0.015
[0.101] [0.096] [0.054] [0.053]

Years of work experience 0.005 0.040 0.020 0.023
[0.030] [0.026] [0.012] [0.009]

Years of work experience2 0.001 -0.001 -0.000 -0.000
[0.001] [0.001] [0.000] [0.000]

Constant 6.730 6.141 6.169 5.851
[0.430] [0.426] [0.295] [0.277]

N 801 1,251 2,149 3,015
No. cluster 630 972 1,472 2,092

Table A.11 – Marginal part-time wage regressions
Estimation results for monthly log marginal part-time wages

(Source: Socio-Economic Panel, own calculations)
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CHAPTER 3

Selectivity-corrected wage distributions

and the evolution of the German gender

wage gap∗

3.1 Introduction

Since the seminal works of Heckman (1974, 1979), the issue of unobserved selectivity

has been a central concern in labour economics. It is well-established that selection on

unobservables can bias the measurement of wage disparities between groups of workers

if one group is more positively or negatively selected than the other. For instance, the

wage gap between men and women will be underestimated if women with less favourable

unobserved characteristics are more likely to stay out of the labour market. A growing

body of literature has examined the effects of such unobserved selectivity on the gender

∗This chapter is based on: Biewen, Martin, Pascal Erhardt, Bernd Fitzenberger and Miriam Sturm

(2025): Selectivity-corrected wage distributions and the evolution of the German gender wage gap, un-

published manuscript, University of Tübingen. We thank Blaise Melly, Peter Haan and the audiences

at the World SOLE-EALE-AASLE Conference 2025 and the Annual Meeting of the Verein für So-

cialpolitik 2025 for helpful discussions. Nicolas Erhardt, Maximiliane Sick and Lara Müller provided

excellent research assistance.
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gap in full-time wages (e.g., Albrecht et al., 2009; Arellano and Bonhomme, 2017; Mul-

ligan and Rubinstein, 2008; Olivetti and Petrongolo, 2008, see literature review below).

For a long time, selection correction was targeted at women, whose self-selection beha-

viour and the resulting labour market participation – which is traditionally lower than

that of men – was typically assumed to be the main driver of the bias. This view has

shifted in light of the fluctuations in male employment shares in many industrialised

countries caused by events such as the global financial crisis (Dolado et al., 2020; Elass,

2024; Maasoumi and Wang, 2019). A distinguishing feature of recent contributions is

that the methodological advances of Arellano and Bonhomme (2017) and Chernozhukov

et al. (2025) allow researchers to investigate the impact of unobserved selectivity in a

manner that extends beyond mean or median outcomes, encompassing entire outcome

distributions.

This paper contributes to the expanding literature by providing new evidence on the role

of unobserved selectivity in shaping male and female wage distributions in Germany. Spe-

cifically, we contribute threefold. Firstly, in contrast to the majority of preceding studies

on this topic, the present paper appears to be the first empirical application of a distri-

bution regression model with sample selection correction, as proposed by Chernozhukov

et al. (2025). By choosing this method, we are able to flexibly investigate the evolution

of unobserved selectivity patterns across the entire outcome distribution. Secondly, our

analysis is based on high-quality German administrative data that have been used in

a number of influential papers on the wage distribution, including those by Dustmann

et al. (2009), Card et al. (2013), Dustmann et al. (2022), and Bossler and Schank (2023).

One challenge in using administrative data to study unobserved selectivity is the lack of

household variables that can be used as instruments. We propose using group variables

based on labour market dynamics as instruments for unobserved selectivity. In addition,

our study spans distinct phases of the business cycle (recession 2000-2005, labour mar-

ket boom 2012-2017), enabling us to examine the influence of the cycle on unobserved

selectivity. Thirdly, in contrast to the majority of previous studies, we consider unob-

served selectivity in both full-time and part-time wages, whereas the existing literature

has almost exclusively focussed on the full-time case. Given the substantial role of female

part-time employment in many industrialised countries and the growing importance of

male part-time employment, the part-time case appears increasingly relevant.
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Our results suggest an important role for unobserved selectivity in male and female

wages in Germany. For full-time men, selection on unobservables was largely neutral

over a wide range of the distribution in the past, but turned negative as more men were

drawn into a booming labour market after 2012. In contrast, male selectivity tends to be

positive at the lower end of the wage distribution, potentially due to the protective effect

of Germany’s generous social safety net. For full-time women, we find generally negative

unobserved selectivity, which may be attributed to assortative matching in combination

with the German tax and transfer system that discourages secondary earnings. Again,

selectivity is less negative towards the bottom of the distribution. In the case of part-time

work, our results show negative selectivity for men, while for women, selectivity patterns

are more complex, shifting from negative in the lower half to positive in the upper part

of the distribution. Our findings reveal pronounced heterogeneity in selectivity patterns

across the wage distribution, which has not been recognised by the previous literature.

Gender gaps in full-time as well as in part-time wages have narrowed between 2000-2005

and 2012-2017. For the full-time gender wage gap, declining differences in unobserved

selectivity between men and women and improved observables for women explain most

of the change. For part-time work, declining differences in unobserved selectivity also

play a significant role, but most of the changes are explained by a convergence in wage

returns to male and female part-time jobs.

3.2 Related literature

A growing body of literature has studied wage differences between men and women

accounting for unobserved selectivity. There is a broad consensus in the literature that

conventional measures of the gender pay gap may over- or underestimate inequality

between men and women if such selectivity is not considered. Researchers have pro-

posed different approaches to recover wage distributions that are purged of selection.

Important early contributions focussing on differences in mean or median wages in-

clude Mulligan and Rubinstein (2008) and Olivetti and Petrongolo (2008). Employing

selectivity corrections based on Heckman (1979), Mulligan and Rubinstein (2008) find

that female selectivity in full-time work in the US shifted from negative to positive in

the 1990s, contributing to the narrowing of the observed gender gap (see Beblo et al.,

2003, for European countries). Olivetti and Petrongolo (2008) impute the unobserved
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wages of the non-employed to study the impact on selection on wage gaps in OECD

countries. Their findings indicate limited effects in most countries, with the exception

of southern Europe, where positive selection of women reduced observed gender gaps. A

recent study following a similar methodology is Blau et al. (2024). They conclude that

correcting for unobserved selection leads to larger declines of the US gender wage gap

over time than without correction, implying that changes in selectivity played a role in

narrowing the gap.

Extending the analysis beyond the median gender gap, Albrecht et al. (2009) and Chzhen

and Mumford (2011) study the impact of unobserved selectivity across the entire wage

distribution. In an application for the Netherlands, Albrecht et al. (2009) find positive

selection of women into full-time work, reducing observed wage differences between men

and women. Chzhen and Mumford (2011) obtain similar results for the UK. Both stud-

ies apply a selectivity correction for quantile regression models developed by Buchinsky

(1998, 2001). This correction method was later shown to be highly restrictive by Huber

and Melly (2015). Addressing the problem pointed out by this analysis, Biewen et al.

(2020) propose a modification to the method of Albrecht et al. (2009). Their application

to the full-time gender wage gap in Germany still produces similar findings as in Albrecht

et al. (2009) and Chzhen and Mumford (2011). Employing a related method, Fitzenber-

ger and de Lazzer (2022) examine the effect of unobserved selectivity on male full-time

wages in Germany. Their results suggest positive selection of men into full-time work,

which became less positive as more men entered the expanding labour market.

In a significant methodological advance, Arellano and Bonhomme (2017) developed a

direct method for correcting entire distributions of outcomes for unobserved selectivity.

Their approach entails the selection specific rotation of the quantile indices of individual

observations. This is achieved by modelling the joint distribution of unobservables in

participation and wage equation by a bivariate copula. Arellano and Bonhomme (2017)

apply their quantile regression method to male and female wages in the UK. In contrast

to previous contributions, they also explicitly model unobserved selectivity for males,

finding positive selection on unobservables for both men and women. Maasoumi and

Wang (2019) apply Arellano and Bonhomme’s (2017) method to US data. Their results

point to negative male and female selection into full-time work that turned positive in

the 1990s. Chen et al. (2024) propose a modification of Arellano and Bonhomme’s (2017)
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original method. They obtain significant negative selection among males and positive

selection for females based on the same data as Arellano and Bonhomme (2017). Arellano

and Bonhomme’s (2017) method has been applied to data from various countries, leading

to diverse findings. Dolado et al. (2020) use the method to examine employment and wage

patterns in EU countries before and after the Great Recession. The authors obtain varied

results for different countries, suggesting that male selection became positive during the

recession, while positive female selection decreased in some countries due to an added-

worker effect (low-ability women joined the labour market in the recession). Also using

the method developed by Arellano and Bonhomme (2017), Elass (2024) presents results

for France, Finland, and the UK: her analysis implies positive male and female selection

on unobservables for France, whereas it is negative for Finland and the UK. Pereda-

Fernández (2025) applies Arellano and Bonhomme’s (2017) method to the US, finding

positive selection for both men and women, but a differential evolution of male and

female selectivity patterns reduces the observed gender wage gap over time.

The quantile regression approach of Arellano and Bonhomme (2017) imposes the re-

striction of a constant degree of selectivity over all quantile indices, as represented by

the scalar copula parameter. Recently, Chernozhukov et al. (2025) have proposed an

alternative model based on a bivariate probit that allows for heterogeneity in the se-

lection structure to be captured. In section 3.3, we give a more detailed description of

this method. In their application to the UK, Chernozhukov et al. (2025) find significant

differences in selectivity across the distribution: in the past, male unobserved selectivity

was negative at the bottom and positive at the top, but became more uniformly posit-

ive in more recent years. In contrast, female selectivity is generally negative, although

it has recently become less pronounced and more uniform. These results indicate that

methods assuming homogeneous selectivity may miss important aspects of the selection

behaviours of men and women. The present paper contributes to this recent strand of

the literature by employing Chernozhukov et al.’s (2025) method to study selectivity

patterns in male and female wage distributions in Germany. Apart from full-time wages,

we also examine selectivity in part-time wages. To the best of our knowledge, only a lim-

ited number of previous contributions have considered the issue of unobserved selectivity

with regard to part-time wages. With the exception of Gallego-Granados (2019), who

employs a distributional imputation technique due to Melly and Santangelo (2014), the

majority of these studies use elementary techniques for selection correction (Bardasi and
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Gornick, 2008; Manning and Petrongolo, 2008; Matteazzi et al., 2014).1

We conclude by mentioning a related body of literature that focusses on selectivity

at the intensive margin (working hours). For further details, the reader is referred to

Fernandez-Val et al. (2023, 2024a, 2024b). We emphasise that our dataset only allows

for a distinction between full-time and part-time, which prevents us from applying these

techniques.

3.3 Econometric method

This section presents a short description of the method proposed by Chernozhukov et al.

(2025) to estimate selectivity-corrected wage distributions. The method allows for more

flexible patterns of selectivity compared to previous approaches (Albrecht et al., 2009;

Buchinsky, 1998; Heckman, 1974) as the sign and the magnitude of selection may differ

across the outcome distribution.

Consider the following selection process

D = 1(D∗ ≤ 0),

Y = Y ∗ if D = 1,

where Y ∗ is the wage a person would receive if she decided to work. The observability of

the wage offer is contingent upon the individual being employed, which in turn depends

on the latent propensity to work D∗ (related to the difference between the wage offer

and the reservation wage of the person). It is crucial to account for selectivity as the

distribution of observed outcomes Y typically differs from the distribution of latent

outcomes Y ∗ due to the endogeneity of employment decisions (because employment

decisions D∗ depend on wage offers Y ∗). For example, if, in a group of potential workers,

individuals with low wage offers opt out of employment, the resulting wage distribution

appears more favourable than it is in reality, since lower wage levels are not represented

among those who are actually employed.

Let FY ∗ and FD∗ denote the marginal cumulative distribution functions (CDFs) of Y ∗

1Gallego-Granados and Wrohlich (2019) apply the method of Melly and Santangelo (2014) to full-
time wages.
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and D∗, respectively, and let FY ∗,D∗ be their joint CDF. Chernozhukov et al. (2025) show

that the latter can generally be represented by a standard bivariate normal distribution

with local correlation parameter ρ evaluated at point (y, d). Notably, this representa-

tion does not assume the joint distribution of Y ∗ and D∗ to be normal. Moreover, it

establishes that any joint distribution function of two random variables can be repres-

ented by a sequence of bivariate normals. Chernozhukov et al. (2025) call this unique

representation the Local Gaussian Representation (LGR):

FY ∗,D∗(y, d) = Φ2(µ(y), ν(d); ρ(y, d)), (3.1)

where Φ2 denotes the bivariate standard normal CDF, µ(y) = Φ−1(FY ∗(y)) and ν(d) =

Φ−1(FD∗(d)). The parameter ρ(y, d) ∈ [−1, 1] measures the local dependence between

the two dichotomous variables 1(Y ∗ ≤ y) and 1(D∗ ≤ d) at the threshold tuple (y, d).

In the context of our present labour market application, the parameter ρ(y, 0) quantifies

the degree to which the occurrence of an individual being employed, (i.e., 1(D∗ ≤ 0))

and concurrently receiving a wage offer below a specified threshold y (i.e., 1(Y ∗ ≤ y)) are

correlated. Non-zero correlations cause a selection bias in the sense that the distribution

of observed wages FY differs from the distribution of wage offers FY ∗ that would be

observed in the hypothetical scenario in which every individual is employed.

Chernozhukov et al. (2025) demonstrate that point identification of the parameters in

equation (3.1) is achieved using at least one binary instrumental variable Z1. To this

end, define a vector of covariates X determining wage offers Y ∗ and let Z = (Z1, X). We

impose the exclusion restriction that instruments Z1 influence the propensity to work,

but not the wage offers, nor their correlation with the propensity to work. It follows

that

FY ∗,D∗|Z(y, d|z) = Φ2(µ(y|z), ν(d|z); ρ(y, d|z))

= Φ2(µ(y|x), ν(d|z); ρ(y, d|x)). (3.2)

Chernozhukov et al. (2025) propose to parametrise the unknown parameters in (3.2)

by µ(y|x) = −x′β(y), ν(d|z) = −z′π and ρ(y, d|x) = ρ(x′δ(y)) = tanh(x′δ(y)) by the

Fisher link. For the remainder, these will be referred to as outcome, selection, and sorting
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equations, respectively.2

The joint CDF of Y ∗, D∗ conditional on Z can be represented in terms of its LGR:

FY ∗,D∗(y, 0|Z = z) = Φ2(−x′β(y),−z′π; ρ(x′δ(y))) (3.3)

= P (Y ≤ y,D = 1|Z = z), (3.4)

where the second line of this equation implies that the joint distribution FY ∗,D∗|Z can

be recovered by estimating a series of selection-corrected probit models for wages being

below a fine grid of thresholds in the support of the outcome y ∈ Y . This representation

of the selection problem motivates the use of a distribution regression approach of the

form

FY |X(y|z) = E[1(Y ≤ y)|Z = z,D = 1], (3.5)

where Z denotes covariates and instruments, and FY |Z the CDF of observed wages

Y conditional on Z. This representation of the selection problem is highly flexible as

it allows for heterogeneous returns β(y) as well as for heterogeneous selection sorting

ρ(x′δ(y)) across the wage distribution. Moreover, selection patterns may vary depending

on the covariates, adding another layer of heterogeneity.

The model can be used to recover a number distributions of interest. Firstly, one may

wish to recover the wage offer distribution, i.e., the distribution of wages that is free of

selection bias:

FY ∗(y) =

∫

Φ(y|Z = z)dFZ(z) =

∫

Φ(−x′β(y))dFX(x), (3.6)

which can be estimated by its empirical counterpart

F̂Y ∗(y) =
1

N

N∑

i=1

Φ(−X ′
iβ̂(y)), (3.7)

where Φ stands for the standard normal CDF. We will use this distribution below to

describe differences in the distribution of male and female wages free of selection bias,

2Chernozhukov et al. (2025) add the minus signs to facilitate the interpretation of the respective
parameters in terms of comparability with the classical Heckman selection model, where selection is
determined by D∗ > 0 rather than by D∗ ≤ 0.
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and to describe changes in wage selectivity over time.3

The distribution of the observed outcome Y implied by the model is given by

FY (y) =

∫
Φ2(−x′β(y), z′π;−ρ(x′δ(y))

Φ(z′π)
dFZ(z|D = 1) (3.8)

=

∫
Φ2(−x′β(y), z′π;−ρ(x′δ(y)))dFZ(z)

∫
Φ(z′π)dFZ(z)

, (3.9)

the sample analog of which is

F̂Y (y) =

∑N

i=1 Φ2(−X ′β̂(y), Z ′
iπ̂;−ρ(X ′

i δ̂(y)))
∑N

i=1 Φ(Z
′
iπ̂)

. (3.10)

Equation (3.10) can be used for the construction of counterfactual distributions of the

observed outcome, which may serve as the basis of decomposition exercises exploring the

sources of wage differences between groups of workers (men and women), or across peri-

ods. Depending on the question at hand, the desired counterfactuals can be constructed

by combining the estimated β̂(y), π̂ and ρ(x′δ̂(y)), as well as the marginal distributions

of covariates, F̂Z , of the two groups accordingly. For example, in the context of the

gender wage gap, we may ask what the distribution of female wages would look like if

women sorted into employment like men, thereby counterfactually changing ρ(x′δ̂(y)) to

that of men. Equation (3.10) also serves as a specification check for the model, as this

distribution should coincide with the empirically observed outcome distribution if the

model is correctly specified. This was the case in our application.

To obtain estimates for β(y), π and ρ(x′δ(y)), we employ the two-step procedure sugges-

ted by Chernozhukov et al. (2025). The first step is analogous to the classical Heckman

selection model and consists of a probit model for selection into employment to estimate

the parameters in the selection equation:

π̂ = arg max
c∈Rdπ

L1(c) =
1

N

N∑

i=1

[DilogΦ(Z
′
ic) + (1−Di)logΦ(−Z ′

ic)]. (3.11)

The second step comprises a sequence of selection-corrected probit regressions over a

3In order to ensure the monotonicity of constructed distributions (3.7), we use the method of
monotone rearrangement as in Chernozhukov et al. (2025).
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finite grid of thresholds y ∈ Y in order to estimate β(y) and ρ(x′δ(y))

θ̂y = arg max
t=(b,d)∈Θ

L2(t, π̂) =
1

N

N∑

i=1

Di[IyilogΦ2(−X ′
ib, Z

′
iπ̂;−ρ(X ′

id))

+ (1− Iyi)logΦ2(X
′
ib, Z

′
iπ̂; ρ(X

′
id))], (3.12)

where Iyi = 1(Yi ≤ y) if Di = 1 indicates for selected, i.e., employed, individuals

whether their wage is below the given threshold y. Pointwise standard errors of the

model parameters in all equations can be computed based on the usual asymptotic

expansions. The estimated standard errors of β(y) and ρ(x′δ(y)) need to be adjusted

for the use of the first-step estimates. Uniform confidence bands for functionals of the

parameters are obtained by the multiplier bootstrap described in Chernozhukov et al.

(2013, 2025). In appendix B.1, we provide detailed steps of the algorithm.

3.4 Data

Our analysis is based on administrative data from the Sample of Integrated Labour Mar-

ket Biographies version 1975-2017 (SIAB7517),4 a 2% random sample of the Integrated

Employment Biographies (IEB). The IEB contain the administrative records of all em-

ployees liable to social security contributions in Germany and report precise to-the-day

information on individual employment status and the daily wage received.5 Starting in

the year 1975 for West Germany and in 1992 for East Germany, the SIAB records the

entire employment histories of approximately 1.8 million individuals. Since 1999, the

SIAB additionally reports episodes in so-called ‘minijobs’ (also referred to as ‘marginal

employment’), which are not subject to social security contributions and pay a low wage

not exceeding a certain threshold (‘minijob’ threshold). For our analysis, we determine

each individual’s main employment status on June 30 of a given year. This status is

then assigned to one of three employment categories: ‘full-time’, ‘part-time’ and ‘non-

participation’. The categories of ‘full-time’ and ‘part-time’ refer to employment subject

to social security contributions, while the category of ‘non-participation’ refers to non-

4We use the Scientific Use File supplied by the Research Data Centre (FDZ) of the German Federal
Employment Agency (BA) at the Institute for Employment Research (IAB), see Antoni et al. (2019)
for the data documentation.

5Wages are only reported up to the social security contributions ceiling, resulting in right-censoring
that affects roughly 5 to 12% of all wage observations in each year. We impute these wages following
Gartner (2005), as is common practice in the literature.
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participation in any form of employment subject to social security contributions.

The SIAB is widely considered the most informative data source on employment and

wages in Germany. Its administrative nature and large sample size make it an obvious

choice for the given application, particularly because it is less prone to limitations typ-

ically associated with survey data. Since the reported wages serve as the basis for the

calculation of pensions within the German social security system, the wage and em-

ployment data are necessarily free from measurement error. Similarly, attrition is not a

concern since an individual’s entire employment history is tracked as soon as the person’s

first employment episode is recorded. It thus follows that in the event of a gap occurring

before, after, or between two adjacent employment episodes, the individual in question

cannot have been employed subject to social security or in a minijob during this time

frame. In our selection model, such gaps are generally labelled as ‘non-participation’. It

is important to mention that the data generally do not allow us to distinguish between

different forms of non-participation in regular employment. Individuals in the pool of

‘non-participants’ may be unemployed or not active in the labour market, including

those who are currently in education or on parental leave. In fact, they may work for

pay, but are not liable to social security contributions. This applies to civil servants, the

self-employed and those in undeclared work or work abroad. Figure B.1 in appendix B

shows that between 4 and 5% of the German workforce are civil servants. Moreover, self-

employment is much more prevalent among men (about 12.5 to 14% over the observation

period vs. 7.5% for women).

For our main selection models we use a pooled sample of all years from 2000 to 2017,

but we estimate the LGR separately for men and women. We construct our sample

in the following way. An individual is included in the sample as soon as we observe a

single employment spell (full-time, part-time, or marginal part-time) in any of the years

1975 to 2017. Furthermore, individuals are only included for periods in which they are

aged between 20 and 60 years. For periods during which the individual is not observed

in regular full-time or part-time employment,6 we assign them the ‘non-participation’

status. Marginal employment is also assigned to the ‘non-participation’ state as we only

distinguish between regular full-time, regular part-time, and non-participation in regular

6Throughout this paper, we refer to employment subject to social security contributions as ‘regular’
employment.
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employment. Note that our sample excludes individuals who never participated in one

of the employment forms registered in our data. This includes individuals who never

actively participated in the labour market or who always worked as civil servants or self-

employed. The broad definition of sample membership in our analysis, which considers

an individual to be a sample member as soon as there is one observed employment spell

at any time, is motivated by the fact that it is only in this way that we can capture

many forms of female non-participation, which often takes the form of employment

interruptions due to family-related reasons. However, it should be noted that our data

does not include direct information on events such as childbirth, transitions to self-

employment/civil service, or general household information.
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Figure 3.1 – Evolution of employment shares
Note: Full-time and part-time refer to employment subject to social security contributions.

(Source: SIAB v7517, own calculations)

Figure 3.1 provides an overview of employment trends in our final sample. The period

we study spans from 2000 to 2017, including a time characterised by rising unemploy-

ment peaking in 2005, followed by a recovery phase that remained uninterrupted by the

global financial crisis. This ultimately led to an unprecedented employment boom after

2010. The diversity of business cycle phases within our time frame makes it especially

suitable for analysing the impact of shifting labour market conditions on employment

sorting. The figure displays the shares of persons in full-time, part-time, marginal em-

ployment and non-participation as well as of those currently unemployed with regular

unemployment benefits (‘Arbeitslosengeld I’).7 The left panel shows that male full-time

7The figures for unemployment and marginal employment are only presented for descriptive pur-
poses. In our analysis, we subsume these labour states in the ‘non-participation’ category.
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employment shares were at their lowest point in 2005 – where both male unemploy-

ment and non-employment were the highest –, whereas they steadily increased after

2008. Likewise, the growth in male part-time employment picked up in 2010, while non-

employment declined significantly.

The evolution of female employment shares followed a somewhat different pattern. The

right panel shows that, for women, the employment boom was particularly driven by

an increase in part-time employment, with its share rising sharply after 2010, while

full-time employment for women saw only a modest recovery over the same period. By

2017, the shares of regular part-time and full-time employment had nearly converged.

Marginal part-time employment was much more common among women, though its

share remained stable at just under 10% throughout the observation period. Similar

to men, non-employment among women declined significantly between 2005 and 2017.

These shifts in employment shares for both men and women likely affected the compos-

ition of the employed and non-employed populations, potentially influencing inequality

measures like the gender pay gap. Our analysis seeks to identify and adjust for such

compositional changes in both genders.

Recall that the LGR selection model comprises three equations: the outcome equation

(by distribution threshold), the selection equation, and the sorting equation (also by

threshold). The dependent variable in the outcome equation is a binary for receiving a

log real daily wage below a particular threshold y ∈ Y in a given employment state.

An indicator of this employment state, in turn, serves as the dependent variable in

the selection equation. Since we carry out separate estimations for full-time and part-

time employment, the pools of selected and non-selected individuals differ depending

on the employment type considered. The two groups need to be chosen carefully since

their exact definitions bear important implications for the estimated latent distributions.

In our model of full-time employment, we include those in part-time, marginal part-

time and non-participation into the non-selected group, such that the resulting wage

offer distribution is one that would result if all individuals in the population received

full-time wages. In contrast, we exclude full-time workers from our analysis of part-

time wages, considering only individuals in marginal part-time employment and those

not participating in the regular labour force as the non-selected group. Consequently,

the latent distribution of part-time wages reflects what would occur if all workers in
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the residual group of non-full-time employees were to receive part-time wages. This

specification was chosen to avoid creating an inconsistent comparison group for part-

time employees that would arise if both full-time workers and non-employed individuals

were classified as non-selected in part-time employment.

As covariates determining the wage offer, we include six categories of age (25-29, 30-34,

..., 55-60 vs. 20-24 years), second-degree polynomials of work experience in full-time,

part-time and marginal employment measured in years as well as indicators for zero

experience in each of the three categories, regional (state-level) dummies, an indic-

ator for German nationality, and the following categories of educational attainment: (1)

lower/middle secondary education only (omitted), (2) lower/middle secondary educa-

tion and completed vocational training, (3) upper secondary education (‘Abitur’) only,

(4) upper secondary education and completed vocational training, (5) degree from a

university of applied sciences (‘Fachhochschule’) and (6) university degree. Tables B.1

(full-time models) and B.2 (part-time models) in appendix B.3 present summary stat-

istics for our selected and non-selected groups by gender. To allow for time effects in a

flexible way, the outcome equation also includes indicators for the years 2001 to 2017.

Similarly, a full set of year dummies is included in the sorting equation, which thereby de-

termine the sign and magnitude of unobserved selectivity across years and distributional

thresholds. A complete overview of the covariates used in each of the three equations is

given in table B.3 in appendix B.

As discussed in section 3.3, and as in the vast majority of contributions in the literature,

we leverage instrumental variables in order to estimate selectivity.8 Suitable instruments

for selection can be hard to find depending on the nature of the data used. Instrumental

variables that have been used in the literature include the number of small children in the

household, often in combination with marital status (Albrecht et al., 2009; Maasoumi

and Wang, 2019; Mulligan and Rubinstein, 2008), husband’s income (Buchinsky, 2001),

and potential out-of-work income (Arellano and Bonhomme, 2017; Elass, 2024). The first

8A notable and very recent exception is the approach suggested by Chen et al. (2024), who adapt
the Arellano and Bonhomme (2017) method by replacing the binary selection equation with a censored
equation of hours worked, rendering the use of instruments redundant. Since our administrative data
only includes full- and part-time status, but not hours worked, this approach is not feasible in our
application. D’Haultfœuille et al. (2018) also do not invoke exclusion restrictions, but base identification
on extreme wage observations. Such observations are not available in our data due to censoring. Both
approaches also do not allow one to study the strength of selection at different points in the distribution.
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two options are not feasible in our analysis because our data lack household information.

Additionally, we cannot utilise potential out-of-work income, as it is closely tied to

earnings potential, i.e., prior earnings, and household characteristics within the German

unemployment insurance system. Moreover, family-related instruments suffer from the

essential drawback that they typically apply better to women than to men, while one of

our objectives is to describe selectivity patterns for both men and women.

Instead, we opt for a group-instrument strategy that leverages variation in employ-

ment dynamics across groups of workers and over time. To the best of our knowledge

Fitzenberger and de Lazzer (2022) was the first study using this type of instrumentation

strategy, which addresses the fact that administrative data typically lack other inform-

ation that can be used for instrumentation. In our application, we exploit employment

dynamics within worker cells defined by sex, year, age, educational attainment, and local

labour markets (“Raumordnungsregionen”, ROR) in order to explain varying selection

into full-time and part-time employment at the level of the individual. We use 15 differ-

ent indicators which we compute by worker cell: full-time share, part-time share, minijob

share, annual first differences of these shares, as well as the full matrix of annual trans-

ition rates between full-time employment, part-time employment and non-participation.

The reader is referred to table B.3 in appendix B for more details. As additional in-

struments, we include indicators that mark persons of three different age groups who

are likely to be students in the given year (i.e., persons who did not hold a college de-

gree in that year, but are reported to have one at a later stage in their employment

history).

Our instrumental variables are valid provided that the employment dynamics represen-

ted by the above indicators influence wages only with a sufficient time lag. We assume

this to be the case in the German labour market, where wage rigidities prevent short-term

adjustments of wages (e.g., Bauer et al., 2007). Wage contracts typically span multiple

years, and the remuneration of new employees is usually aligned with the rates paid to

existing staff. Additionally, collective bargaining occurs at the level of the industry or

region, with a notable lag, and is unlikely to respond directly to developments within

the disaggregated worker cells that we have considered. Apart from variation between

worker groups and regions, our instruments represent rich variation over time reflecting

the different phases of the business cycle (rising unemployment 2000-2005, stagnation
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2006-2009, boom 2010-2017; see figures B.2 and B.3 in appendix B). We consider the

exclusion restriction underlying our instruments not to be stronger than the assump-

tions made in other studies in the literature. For example, the presence of children and

a husband’s income have been criticised by Huber and Mellace (2014), while Blundell

et al. (2007) question the validity of out-of-work income.

3.5 Empirical results

We present three sets of results, both for full-time and for part-time wages. First, we

describe male and female patterns of unobserved selectivity and how these evolved over

time. Second, we decompose the gender gap in latent wages into their main sources

of observable worker characteristics and returns to these characteristics. Finally, we

decompose differences in observed wage distributions between men and women and across

time periods into the different components implied by our rich distributional selection

model.

3.5.1 Selection into full-time employment

Figure 3.2 presents the estimated sorting parameters for full-time employment against

all other employment states, where the sorting equations ρ(x′δ̂(y)) include a constant

and dummies for the years 2001 through 2017. As in Chernozhukov et al. (2025), we

show the sorting parameters at wage thresholds defined by a fine grid of percentiles of

the distribution of log real wages with indexes {0.05, 0.10, ..., 0.90, 0.95} computed in

the pooled sample of men and women. The change in colour saturation, moving from

pale to more vibrant red hues, reflects the progression of time from the year 2000 to

2017.

As a first observation, both graphs reveal sizeable heterogeneities in sorting across the

wage distribution for both genders, where the estimated selection bias increases in the

quantile index by absolute value towards the top for women and changes its sign for men.

This challenges the results obtained from other methods that only estimate one single

sorting parameter for the whole distribution. Second, figure 3.2 shows non-negligible

female and male selection, which has thus far received limited attention in the literature.

Third, the observed selection patterns become somewhat more heterogeneous over time,
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Figure 3.2 – Estimated parameter of sorting into full-time work
Note: Increasing dark red for more recent years.

(Source: SIAB v7517, own calculations)

most notably for men: while the selection bias tended to be relatively small across the

distribution directly after the millennium, sorting became larger in magnitude as well

as increasingly heterogeneous towards more recent years. Similarly, there is a tendency

for increasingly heterogeneous sorting from 2000 to 2017 for women – as implied by the

steeper ρ(x′δ̂(y)) curve in the right panel – but the general pattern does not change as

much as it does for men.

Overall, figure 3.2a suggests that in the early 2000s (a period characterised by high

unemployment), men were positively selected at the bottom as well as between the 60th

and 80th percentiles and almost non-selected in other parts of the wage distribution.

In contrast, male selection is only positive at the bottom, but negative in other parts

towards the more recent years that have witnessed record employment levels. This in-

tertemporal pattern supports the hypothesis that the composition of the workforce in

terms of unobservables becomes less favourable during periods of high employment as

individuals with less favourable unobservables enter the labour market (Dolado et al.,

2020) – or individuals with less favourable unobservables are less likely to exit the la-

bour market (Riphahn and Schrader, 2020). Empirically, a similar result was obtained

by Fitzenberger and de Lazzer (2022) who conclude that the unemployed are negatively

selected in times of high employment. A potential explanation for male negative selection

in our sample is the fact that our non-selected group partly contains the self-employed

and civil servants (see section 3.4), who may be positively selected against the employed

subject to social security. In figure 3.2a, we observe positive unobserved selectivity for
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men at the very bottom of the distribution. A potential explanation for positive selectiv-

ity in this part of the distribution is the generous German social safety net, which may

disincentivise employment for individuals with the lowest wage offers.

In contrast to men, women experience negative selection across the entire distribution

in all years. Selection is close to zero at the bottom, especially in the later years (figure

3.2b). Negative female selection has been found both by Elass (2024) for Finland and

the United Kingdom over a period covering the Great Recession, and by Maasoumi and

Wang (2019) for the United States until the 1990s. Likewise, our results align with those

of Chernozhukov et al. (2025) who document increasingly negative sorting of British

women towards the top of the distribution. From a theoretical point of view, Ermisch and

Wright (1994) argue that negative sorting can be plausible when there is a high positive

correlation between wage offers and reservation wages. One possible explanation for this

is assortative matching on the marriage market, with couples becoming increasingly

homogeneous in terms of education, income, and likely also unobserved ability (see

Calvo et al., 2024, for evidence on assortative matching in Germany). After the birth of

a child, in particular, assortative matching may result in high-potential women taking

on the bulk of care work because their high-potential partner’s income is sufficient to

maintain household income, while women with less successful partners face the necessity

to contribute to family income. Negative sorting of married women towards the top

of the distribution is also consistent with Germany’s tax and transfer system, which

overproportionally favours single-income marriages and marriages with a high inter-

couple income gap since the secondary earner often faces high marginal tax rates (Bach

et al., 2013). According to Figure 3.2b, female selectivity became somewhat less negative

in more recent years. This may be due to improvements in public childcare and changing

social norms which facilitated the return to full-time work after childbirth (Geyer et al.,

2015).

As explained in section 3.3, our estimates of selection patterns can be used to recover the

latent wage offer distributions for men and women (eq. (3.7)), which can be compared to

the observed distribution (eq. (3.10)). Figure 3.3 presents these comparisons separately

for the period 2000-2005 and 2012-2017 in order to assess potential changes over time. For

men, the left panels show that the observed distribution of full-time wages first-order

stochastically dominates the latent distribution (i.e., observed wages are higher than
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2012-2017

3.
5

4
4.

5
5

5.
5

lo
g 

da
ily

 w
ag

e

.1 .2 .3 .4 .5 .6 .7 .8 .9
quantile index

Observed Latent 95% uniform CI

(d) Female latent vs. observed full-time
wages, 2012-2017

Figure 3.3 – Latent vs. observed distributions of full-time wages,
95% uniform confidence bands
(Source: SIAB v7517, own calculations)

latent wages). This may be surprising given the negative selection pattern for men above

the 30th percentile (figure 3.2a). Recall however, that the latent distribution of full-time

wages (eq. (3.7)) also incorporates observables for men who do not select themselves

into full-time work. These are much less favourable than for men who work full-time

(table B.1). In particular, men participating in regular full-time employment are more

favourably selected with respect to work experience, education and nationality.

For women, the right panels of figure 3.3 paint a different picture. With the exception of

the lowest income levels, where the latent and observed distributions coincide, the latent

full-time wage is higher than the observed wage. This is in line with their distinctively

negative selection on unobservables (figure 3.2b), which dominates the positive selection

on observables (table B.1). For both men and women, latent full-time wage distributions

are relatively stable, despite some temporal change in selection on unobservables (figure

3.2).

Next, we decompose the gender gap in latent full-time wages between men (group 0)
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Figure 3.4 – Decomposition of differences in latent full-time, wage distributions between
men and women, 95% uniform confidence bands

(Source: SIAB v7517, own calculations)

and women (group 1) into a contribution due to differences in wage structures and a

contribution due to differences in the composition of worker characteristics, i.e.,

FY ∗[1,1] − FY ∗[0,0] = [FY ∗[1,1] − FY ∗[0,1]]
︸ ︷︷ ︸

wage structure

+ [FY ∗[0,1] − FY ∗[0,0]]
︸ ︷︷ ︸

composition

, (3.13)

where

FY ∗⟨j,k⟩(y) =

∫

Φ(−x′βj(y))dFXk
(x) (3.14)

with βj(y) denoting the coefficients in the wage equation for group j ∈ {0, 1}, and FXk

the distribution of characteristics of group k ∈ {0, 1}.9

Perhaps surprisingly, the latent full-time wage distribution of women is slightly above

that of men (left panel in figure 3.4). The contributions to the difference between the

9Our conclusions are unchanged when the order of the decomposition is reversed.
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latent CDFs of men and women (as defined in (3.13)) are shown in the right panels of

figure 3.4. In order to facilitate interpretation, we switch the signs of the contributions in

the graphs, so that a positive contribution means that the wages of group 1 (i.e., women)

are lifted upwards (equivalently, their CDF is pulled downwards) if a given decomposition

factor is replaced by its group 0 (i.e., male) counterpart. The right-hand panels of figure

3.4 show that there are two countervailing effects: applying male wage returns to women

pulls down their wage distribution, while applying the more favourable distribution

of male observables (table B.1) shifts them upwards. The observation that returns to

characteristics are less positive for men than for women may be surprising. However,

recall that these are returns corrected for selectivity. As described above, selectivity on

unobservables is distinctively negative for women (figure 3.2b). This downward biases

estimated wage returns when sample selection is not corrected for. An interpretation of

this finding is that, if institutional regulations limit observable pay differences between

two worker groups (as represented by returns uncorrected for selectivity), this may mask

higher actual returns for the more negatively selected worker group.

We now turn to differences in observed full-time wages between men and women. Note

that this analysis differs from the previous one in that it only refers to men and women

observed in full-time employment (while the previous analysis referred to the full pop-

ulation of all men and women). Similar to Chernozhukov et al. (2025), we decompose

these differences into five components implied by the distributional selection model: (i)

sorting on unobservables, (ii) differences in employment structure, (iii) differences in

the wage structure, (iv) differences in observables, and (v), differences in labour market

dynamics.10

The decomposition is given by

FY [1,1,1,1,1] − FY [0,0,0,0,0] = [FY [1,1,1,1,1] − FY [0,1,1,1,1]]
︸ ︷︷ ︸

selection sorting (ρ(X′δ(y)))

+ [FY [0,1,1,1,1] − FY [0,0,1,1,1]]
︸ ︷︷ ︸

selection structure (π)

+ [FY [0,0,1,1,1] − FY [0,0,0,1,1]]
︸ ︷︷ ︸

wage structure (β(y))

+ [FY [0,0,0,1,1] − FY [0,0,0,0,1]]
︸ ︷︷ ︸

composition (FX)

+ [FY [0,0,0,0,1] − FY [0,0,0,0,0]]
︸ ︷︷ ︸

labour market dynamics (FZ1
)

, (3.15)

10Compared to Chernozhukov et al. (2025), we add component (v) as we can readily swap the values
for the labour market instruments between the genders.
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Figure 3.5 – Decomposition of differences in observed full-time wage distributions between
men and women, 95% uniform confidence bands

(Source: SIAB v7517, own calculations)

where

FY ⟨t,s,r,k,l⟩(y) =

∫
Φ2(−x′βs(y), z

′πs;−ρ(x′δt(y)))dFZ1l,Xk
(z1, x)

∫
Φ(z′πs)dFZ1l,Xk

(z1, x)
. (3.16)

A common finding is that observed male wages are higher than those for females. This

is also confirmed in our case (bold and light red lines in figure 3.5). Decomposition

(3.15) starts with the female full-time wage distribution FY [1,1,1,1,1] and assigns the much

less negative sorting behaviour of men to women. This shifts the wage distribution

upwards, as shown in figure 3.5a. Again, we represent this as a positive contribution in

the right-hand figure 3.5b. In the next decomposition step, we additionally apply the

male selection structure effects π. This does not change the distribution in a meaningful

way. Next, we assign the male wage structure, which raises female wages in the lower half

but dampens them in the upper half of the distribution (blue line in figure 3.5b). In figure

3.5d for the period 2012 to 2017, this contribution is mostly negative, i.e., favourable
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for females. Also adding the male observables distribution leads to a significant upward

shift of wages, which is not surprising given that male full-time employees have better

observables than their female counterparts (table B.1). Finally, switching female labour

market dynamics (as represented by the instruments) to those of men does not lead to

any noticeable changes in figure 3.5a for the period 2000 to 2005. However, there is a

slightly positive contribution for 2012 to 2017 owing to the fact that the development

of full-time employment was more favourable for men than for women over this period

(figure 3.1).

Taken together, our decomposition suggests that a significant portion of the observed

gap in full-time wages between men and women can be attributed to the less negative

unobserved selectivity of men compared to women. Additionally, a substantial part of

the gap arises from men in full-time employment having better observable characteristics

than women. When comparing the periods from 2000-2005 and 2012-2017, the wage gap

between men and women has substantially narrowed. As shown in the right-hand panels

of figure 3.5, this reduction is largely driven by declining differences in unobserved se-

lectivity – women’s selectivity became less negative, while men’s selectivity turned more

negative (figure 3.2). Another, smaller contribution comes from returns to observable

characteristics, which became more favourable for women than for men in 2012-2017

compared to 2000-2005 (blue lines in figures 3.5b and 3.5d).

Finally, we use decomposition formula (3.15) to examine changes in full-time wages over

time. For this, we estimate our selection model separately for the periods 2000-2005

and 2012-2017 and by gender. Figure 3.6 displays the results for men, where the left

panel successively moves from the factual distribution in 2000-2005 (group 1) to that of

2012-2017 (group 0). It shows that the lower half of the 2012-2017 distribution of real

full-time wages lies below that of 2000-2005, but that the upper half lies slightly above

it. This is in line with earlier contributions showing that the development after 2005 was

characterised by a stagnation or decline of real wages in the lower half of the distribution

(Baumgarten et al., 2020; Biewen and Sturm, 2022; Dustmann et al., 2014). Figure 3.6b

suggests that this was the result of a complex mix of different effects: declining real wage

returns in the middle of the distribution, improved selection in the lower and middle

part of the distribution and better observables at the top of the distribution. The strong

pattern of declining real returns is consistent with evidence in Dustmann et al. (2014)
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who concluded that wage setting in Germany became significantly more flexible after

2005.
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Figure 3.6 – Decomposition of differences in observed male full-time wage distributions
between 2000-2005 and 2012-2017, 95% uniform confidence bands

(Source: SIAB v7517, own calculations)
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Figure 3.7 – Decomposition of differences in observed female full-time wage distributions
between 2000-2005 and 2012-2017, 95% uniform confidence bands

(Source: SIAB v7517, own calculations)

Unlike men, women experienced moderate real wage gains across all parts of the dis-

tribution from 2000-2005 to 2012-2017 (figure 3.7a). Figure 3.7b shows that this is the

result of more favourable observables, increased real wage returns in the middle of the

distribution, and, to a smaller extent, less negative selection at the lower end of the

distribution. The strongest effect comes from improved observables, in particular from a

higher proportion of women with a university degree and higher levels of full-time work

experience (table B.1).
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3.5.2 Selection into part-time employment

We repeat the analysis for part-time wages. Recall from section 3.4 that we model

selection into part-time employment for the residual population of men and women who

do not work in regular full-time. For these individuals, we consider participation in

part-time employment vs. all other labour market states.
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(a) Men
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Figure 3.8 – Estimated parameter of sorting into part-time work
Note: Increasing dark red for more recent years.

(Source: SIAB v7517, own calculations)

For men, figure 3.8a suggests negative unobserved selectivity in part-time work, which

became less negative towards more recent years. The phenomenon of negative selection in

part-time employment can be explained by the fact that the residual population of men

who do not work in regular full-time employment comprises a significant proportion

of individuals who at some point moved into self-employment, civil service or work

abroad. Unfortunately, we cannot differentiate these cases with our dataset. Compared

to this group, men in part-time employment may be a negative selection with respect

to unobservables, especially for higher levels of pay. Out of the residual group of men

not working full-time, only a small fraction actually chose to take up regular part-time

employment (table B.2). However, this fraction significantly increased over time. Both in

2000-2005 and 2012-2017, around 1.3 million men in our sample did not work full-time.

Of these, around 150 thousand worked part-time in 2012-2017, compared to around

75 thousand in 2000-2005. The fact that part-time work became more common among

men may have also contributed to the decline in negative selectivity as shown in figure

3.8a.
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The corresponding figure 3.8b for women reveals a complex sorting pattern into part-

time work with a change of sign between the 0.6 and 0.7 quantile indices. A potential

explanation for the observed pattern may again be related to assortative matching. In the

lower to middle part of the distribution, even women with less favourable unobservables

would often be forced to contribute to household income because their partners have low

income. On the other hand, women with more favourable unobservables may generally be

disincentivised by the structure of the German tax system which favours large earnings

differentials between partners. These disincentives are particularly strong in the upper

part of the distribution, so that only women with the highest wage offers decide to take

up additional part-time employment (Bick and Fuchs-Schündeln, 2017). This pattern of

positive selection at the top weakened in later years, possibly because female part-time

work became increasingly common (figure 3.1), or because changes in social norms and

public childcare made employment after childcare more acceptable.
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Figure 3.9 – Latent vs. observed distributions of part-time wages,
95% uniform confidence bands
(Source: SIAB v7517, own calculations)
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Figure 3.9 compares latent and observed part-time wage distributions for men and wo-

men. For men, the pronounced negative selection on unobservables (figure 3.8a) clearly

dominates the somewhat positive selection on observables (table B.2) so that latent

wages lie substantially above observed part-time wages (left panel of figure 3.9). For

women, negative selection on unobservables balances with positive selection on observ-

ables up to around the 70th percentile, above which positive selectivity on unobservables

pushes observed wages above latent wages (right panel of figure 3.9). For both men and

women, differences between latent and observed part-time wage distributions declined in

recent years, driven by differences in unobserved selectivity over time (figure 3.8).
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Figure 3.10 – Decomposition of differences in latent part-time wage distributions between
men and women, 95% uniform confidence bands

(Source: SIAB v7517, own calculations)

Figure 3.10 presents the gender gap in latent part-time wage distributions. Again, these

distributions are constructed by assigning all individuals (out of the residual group of

men and women not working in regular full-time) the part-time wages of the respective

group. This leads to very large differences between men and women. As the right-hand

side of figure 3.10 shows, the large differences are mainly due to the much better wage
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returns for men in part-time work compared to women, while differences in the distri-

bution of observables play a more modest role. A potential explanation for this very

pronounced wage structure effect is that our set of observables contains important char-

acteristics such as age, education and experience but lacks more detailed characteristics

of male and female part-time job profiles. It may be the case that the relatively small

number of part-time men are employed in roles that require higher qualifications, as

opposed to part-time women whose range of part-time employments tends to be much

wider. The bottom panel of figure 3.10 again shows signs of convergence between male

and female distributions, driven by a convergence in wage returns (blue lines in figures

3.10b and 3.10d). This convergence is a likely consequence of part-time work becoming

more common among men, thereby expanding the range of job types typically available

to men in part-time roles.
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Figure 3.11 – Decomposition of differences in observed part-time wage distributions
between men and women, 95% uniform confidence bands

(Source: SIAB v7517, own calculations)

Figure 3.11 examines differences in observed part-time wage distributions between men
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and women (decomposition (3.15)). Male part-time wages dominate female part-time

wages in the upper part of the distribution, while the reverse is true in the lower part

of the distribution. Again, it turns out that part-time men in the upper half of the

distribution enjoy much higher wage returns than part-time women (blue lines in figures

3.11b and 3.11d), which is the likely result of better job characteristics not controlled for

in our set of observables. The effect of higher male wage returns is partly counteracted

by more positive female selection on unobservables (red lines in figures 3.11b and 3.11d).

Observed male part-time wages only dominate female part-time wages above the 40th

percentile (left panel of figure 3.11). In the lower part of the distribution, women have

better observables and face slightly better wage returns than men (blue and purple lines

in figures 3.11b and 3.11d). Differences in labour market dynamics between men and

women also play a small role, boosting observed part-time wages of women (orange line

in figures 3.11b and 3.11d). The comparison between the upper and the lower panel

of figure 3.11 again indicates convergence between male and female part-time wage

distributions over time, mostly due to diminishing differences in wage returns (blue

lines in right panel) and declining differences in selectivity on unobservables (red lines

in right panel).

Our final analysis concerns the decomposition of the evolution in observed male and fe-

male part-time wage distributions over time (figures 3.12 and 3.13). Figure 3.12 for men

indicates a deterioration of part-time wages for men between 2000-2005 and 2012-2017

(the distribution of 2000-2005 lies above that of 2012-2017, see fine and bold red lines in

figure 3.12). The right panel of figure 3.12 suggests that, although there were improve-

ments in selection on unobservables and selection on observables (red and purple lines

in figure 3.12b), these were more than offset by a decline in part-time wage returns (blue

line) and a selection structure effect (dark blue line in figure 3.12b). This deterioration

in part-time wage returns is in line with the above conjecture that the proportionally

massive expansion of male part-time employment between 2000-2005 and 2012-2017

involved a change in job profiles not captured by our observables. Furthermore, the se-

lection structure effect, as introduced in Chernozhukov et al. (2025) (depicted in dark

blue), indicates that male selection into part-time employment underwent a transforma-

tion whereby observable characteristics, specifically age, education, and experience, were

increasingly matched with less favourable part-time roles, particularly at the upper end

of the part-time distribution. The much lower statistical precision of the point estimates
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in figure 3.12b reflects the relatively small sample size of this group of workers (table

B.2).
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Figure 3.12 – Decomposition of differences in observed male part-time wage distributions
between 2000-2005 and 2012-2017, 95% uniform confidence bands

(Source: SIAB v7517, own calculations)
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Figure 3.13 – Decomposition of differences in observed female part-time wage distributions
between 2000-2005 and 2012-2017, 95% uniform confidence bands

(Source: SIAB v7517, own calculations)

The analysis of female part-time wages over time is given in figure 3.13. Apart from some

gains above the 60th percentile and some losses below, the female part-time distribution

remained relatively stable between 2000-2005 and 2012-2017. Figure 3.13b suggests that

the gains were the result of improved wage returns to observed characteristics (blue

line), which overcompensated the decline in positive selection on unobservables (red

line). Better observable characteristics, in particular, more work experience and a much

higher proportion of workers with university degrees (table B.2), also contributed to

higher female part-time wages in 2012-2017 compared to 2000-2005 (purple line in figure
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3.13). The corresponding pattern is strikingly similar to that observed for males (figure

3.12), which suggests a general upgrading of part-time jobs in Germany. At the lower

end of the female part-time wage distribution, there was an erosion of wage returns (blue

line), which was not compensated by slight improvements in unobserved selectivity (red

line in figure 3.13b).

3.6 Conclusion

Based on high-quality administrative data, this paper examines male and female wage

distributions in Germany while flexibly accounting for selection on unobservables. Our

findings suggest that male selectivity in full-time work is positive at the lower end of

the distribution but becomes negative throughout the rest of it, a trend that intensi-

fied over time. This aligns with the hypothesis that the post-2012 full-time employment

boom drew individuals with less favourable unobservables into the workforce. Positive

selectivity at the bottom of the distribution may be explained by the generosity of Ger-

many’s social safety net, which discourages employment among those with very low wage

offers. For women, full-time employment generally exhibits negative selectivity, poten-

tially driven by assortative matching and household dynamics, where women with better

unobservables may not need to contribute to household income. Recent improvements

in public childcare and evolving social norms appear to have mitigated this negative

selectivity by encouraging women’s return to full-time work after childbirth.

A significant portion of the full-time gender wage gap is explained by differences in

unobserved selectivity between men and women. Better observables of full-time men

(especially work experience and education) explain another large share of the gap, while

selectivity-corrected wage returns work in favour of women. Between 2000-2005 and

2012-2017, male full-time wages rose in the upper half of the distribution but declined

in the lower half, reflecting wage erosion across broad segments of the distribution. We

attribute this to wage restraints and increased wage flexibility (Dustmann et al., 2014).

At the top of the distribution, improved selection on unobservables and better observ-

ables contributed to higher male wages in the later period. By contrast, female full-time

wages grew between 2000-2005 and 2012-2017 across the whole distribution as a result

of better observables, increased wage returns in the middle and less negative selection at

the lower end of the distribution. Overall, the full-time wage gap between men and wo-
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men significantly narrowed between 2000-2005 and 2012-2017, largely due to declining

differences in unobserved selectivity and improved observables for women.

Our paper is among the first to provide an in-depth examination of unobserved selectivity

in part-time employment. We find that men working part-time represent a negatively

selected subset of the group of men not pursuing regular full-time employment. This

may be explained by the fact that the group of men in our data not observed in full-

time employment also include the self-employed and other individuals working for pay,

who are not subject to social security contributions. In the past, only very few men

worked part-time in Germany, making this group of workers a highly specific one. Male

selectivity in part-time work became less negative as part-time employment among men

has grown, although it remains much less common than for women. At the lower end of

the wage distribution, negative selectivity is less pronounced, possibly due to the same

social safety net effects observed in full-time employment. For women, part-time work

exhibits a complex selectivity pattern turning from negative at the bottom to positive

at the top. Our explanation for this pattern is that assortative matching forces women

in the lower part of the distribution to contribute to household income, while women

in the upper part only work if they receive very high wage offers. Recent declines in

female part-time selectivity may reflect improved public childcare and shifting social

norms supporting post-childbirth employment.

We find that male part-time wages are higher than those of females in the upper half

but lower in the bottom half. This is due to higher wage returns in male part-time jobs,

likely driven by the unique job profiles of male part-time workers. At the upper end,

men also possess better observables, but this is offset by positive unobserved selectivity

among women. The male part-time wage distribution shifted downwards between 2000-

2005 and 2012-2017, likely due to worsening wage returns and less specific job profiles.

Female part-time wages were more stable over this period, with modest improvements in

wage returns but less positive selection in the upper part of the distribution. We observe

a convergence of male and female part-time wage distributions, mainly explained by

declining differences in wage returns and unobserved selectivity. In conclusion, our study

offers compelling evidence for substantial heterogeneity in selectivity patterns across

full-time and part-time wage distributions. This phenomenon has not been adequately

acknowledged in previous research.
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Appendix B

B.1 Multiplier bootstrap

To obtain standard errors and uniform confidence bands of factual and counterfactual

distributions as well as of the contributions of individual decomposition factors, we

apply a multiplier bootstrap procedure. The validity of this procedure was proven by

Chernozhukov et al. (2013, 2025). The multiplier bootstrap is computed by carrying out

the following steps for bootstrap replications b ∈ 1, ..., B and a finite grid of distributional

thresholds y ∈ Y .

(1) Randomly draw bootstrap multipliers {ω̃b
i : 1 ≤ i ≤ N} from the standard ex-

ponential distribution. The advantage of draws from the standard exponential is

that they can be directly used as weights for computing bootstrapped distribu-

tion functions, see below (weights should be nonnegative with mean one). For

bootstrapping estimated parameters, a centered version of ω̃b
i is used, i.e.,

ωb
i = ω̃b

i −
1

N

N∑

i=1

ω̃b
i . (B.1)

In order to account for clustering, the same multiplier is drawn for different obser-

vations belonging to the same individual i (e.g., Chernozhukov et al., 2020).

(2) The bootstrap estimator of the model parameter at threshold y is obtained as

θ̂by = θ̂y +
1

N

N∑

i=1

ωb
i ψ̂i(θ̂y), (B.2)

where ψ̂i(θ̂y) is the vector of influence functions of the model parameters θ̂y =

(β̂(y), π̂, ρ̂(y)) for threshold y.

(3) For a functional of interest ∆̂y = φ(θ̂y, F̂Z) of the model parameters and the sample

distribution of observables F̂Z(z) = N−1
∑N

i=1 1{Zi ≤ z}, compute the bootstrap
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realisation of the respective functional’s maximal t-statistic as

tbY = max
y∈Y

|∆̂b
y − ∆̂y|

SE(∆̂y)
, (B.3)

where ∆̂b
y = φ(θ̂by, F̂

b
Z) is the bootstrap version of ∆̂y = φ(θ̂y, F̂Z) based on boot-

strap versions of parameters θ̂by and the bootstrap version of the distribution of

observables F̂ b
Z(z) = N−1

∑N

i=1 ω̃
b
i1{Zi ≤ z}. Examples for such functionals are

(3.7), (3.10) and (3.15).

(4) The critical value cα given a confidence level of 1−α can be computed by simula-

tion as the (1− α)- quantile of the bootstrap distribution of maximal t-statistics.

Uniform confidence bounds are then given by

P
(

∆̂y − cα · SE(∆̂y) ≤ ∆y ≤ ∆̂y + cα · SE(∆̂y) for all y ∈ Y
)

≈ 1− α. (B.4)

B.2 Self-employment and civil servants
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Figure B.1 – Shares of civil servants and self-employed by gender
(Source: Microcensus, Federal Statistical Office)
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B.3 Observed characteristics

Men Women
2000-2005 2012-2017 2000-2005 2012-2017

Selected individuals N = 1, 458, 124 N = 1, 492, 091 N = 816, 786 N = 739, 634

Age 39.503 [10.160] 41.277 [11.092] 38.117 [10.874] 39.438 [11.876]
FT work experience (years) 14.510 [8.352] 17.309 [10.597] 11.207 [7.458] 13.325 [9.615]
FT work experience = 0 0.016 [0.125] 0.020 [0.140] 0.030 [0.169] 0.036 [0.187]
PT work experience (years) 0.176 [0.747] 0.375 [1.241] 0.982 [2.559] 1.645 [3.500]
PT work experience = 0 0.871 [0.335] 0.774 [0.418] 0.683 [0.465] 0.565 [0.496]
Minijob work experience (years) 0.060 [0.296] 0.813 [1.845] 0.133 [0.478] 1.317 [2.355]
Minijob work experience = 0 0.945 [0.296] 0.612 [0.487] 0.878 [0.327] 0.496 [0.500]
Lower/middle sec. school + voc. train. 0.680 [0.466] 0.599 [0.490] 0.639 [0.480] 0.510 [0.500]
Upper sec. school only 0.012 [0.110] 0.022 [0.148] 0.021 [0.144] 0.039 [0.193]
Upper sec. school + voc. train. 0.071 [0.257] 0.112 [0.316] 0.116 [0.320] 0.179 [0.383]
“Fachhochschule” degree 0.054 [0.226] 0.022 [0.146] 0.040 [0.196] 0.024 [0.153]
University degree 0.091 [0.288] 0.173 [0.378] 0.071 [0.257] 0.175 [0.380]
German nationality 0.921 [0.270] 0.912 [0.283] 0.944 [0.230] 0.930 [0.254]

Non-selected individuals N = 1, 329, 506 N = 1, 282, 554 N = 1, 707, 996 N = 1, 788, 235

Age 40.359 [11.823] 42.704 [11.876] 40.502 [10.784] 42.960 [11.179]
FT work experience (years) 6.180 [7.172] 6.924 [8.279] 5.184 [5.557] 6.498 [6.673]
FT work experience = 0 0.177 [0.382] 0.157 [0.364] 0.194 [0.395] 0.152 [0.360]
PT work experience (years) 0.310 [1.221] 0.742 [2.085] 2.471 [4.625] 3.743 [5.691]
PT work experience = 0 0.824 [0.380] 0.693 [0.461] 0.523 [0.499] 0.377 [0.485]
Minijob work experience (years) 0.133 [0.516] 0.744 [1.716] 0.463 [1.068] 2.079 [3.340]
Minijob work experience = 0 0.886 [0.318] 0.630 [0.483] 0.750 [0.433] 0.431 [0.495]
Lower/middle sec. school + voc. train. 0.546 [0.498] 0.484 [0.500] 0.575 [0.494] 0.515 [0.500]
Upper sec. school only 0.063 [0.244] 0.086 [0.280] 0.045 [0.206] 0.063 [0.243]
Upper sec. school + voc. train. 0.060 [0.237] 0.085 [0.279] 0.077 [0.266] 0.124 [0.330]
“Fachhochschule” degree 0.030 [0.171] 0.025 [0.157] 0.025 [0.155] 0.023 [0.149]
University degree 0.085 [0.279] 0.125 [0.331] 0.066 [0.247] 0.128 [0.334]
German nationality 0.750 [0.433] 0.767 [0.423] 0.857 [0.350] 0.867 [0.340]

Table B.1 – Summary statistics for selection into full-time employment
Note: Standard deviations in parentheses.
(Source: SIAB v7517, own calculations)
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Men Women
2000-2005 2012-2017 2000-2005 2012-2017

Selected individuals N = 75, 197 N = 148, 743 N = 402, 912 N = 642, 760

Age 41.387 [13.009] 40.444 [12.083] 42.828 [9.426] 44.324 [10.038]
FT work experience (years) 9.856 [10.031] 9.227 [9.998] 6.541 [5.910] 8.644 [7.048]
FT work experience = 0 0.150 [0.357] 0.141 [0.348] 0.127 [0.331] 0.084 [0.277]
PT work experience (years) 2.779 [3.302] 3.770 [4.124] 7.154 [6.105] 7.924 [6.723]
PT work experience = 0 0.290 [0.454] 0.200 [0.400] 0.010 [0.300] 0.076 [0.265]
Minijob work experience (years) 0.180 [0.530] 1.357 [2.178] 0.222 [0.647] 2.216 [3.263]
Minijob work experience = 0 0.827 [0.378] 0.425 [0.494] 0.830 [0.376] 0.397 [0.489]
Lower/middle sec. school + voc. train. 0.502 [0.500] 0.464 [0.499] 0.691 [0.462] 0.604 [0.489]
Upper sec. school only 0.088 [0.283] 0.078 [0.268] 0.015 [0.120] 0.020 [0.139]
Upper sec. school + voc. train. 0.110 [0.313] 0.133 [0.339] 0.088 [0.283] 0.156 [0.363]
“Fachhochschule” degree 0.055 [0.229] 0.019 [0.137] 0.034 [0.181] 0.023 [0.149]
University degree 0.139 [0.360] 0.200 [0.400] 0.061 [0.240] 0.133 [0.340]
German nationality 0.885 [0.319] 0.858 [0.349] 0.949 [0.221] 0.931 [0.254]

Non-selected individuals N = 1, 254, 309 N = 1, 133, 811 N = 1, 305, 084 N = 1, 145, 475

Age 40.297 [11.745] 43.000 [11.816] 39.787 [11.072] 42.195 [11.702]
FT work experience (years) 5.959 [6.901] 6.622 [7.977] 4.765 [5.374] 5.294 [6.132]
FT work experience = 0 0.179 [0.383] 0.159 [0.366] 0.215 [0.411] 0.191 [0.393]
PT work experience (years) 0.162 [0.734] 0.345 [1.152] 1.026 [2.763] 1.396 [3.134]
PT work experience = 0 0.857 [0.351] 0.758 [0.429] 0.654 [0.476] 0.546 [0498]
Minijob work experience (years) 0.130 [0.515] 0.664 [1.629] 0.537 [1.157] 2.003 [3.380]
Minijob work experience = 0 0.890 [0.313] 0.657 [0.475] 0.726 [0.446] 0.451 [0.498]
Lower/middle sec. school + voc. train. 0.549 [0.498] 0.486 [0.500] 0.539 [0.499] 0.465 [0.499]
Upper sec. school only 0.062 [0.241] 0.087 [0.281] 0.054 [0.226] 0.087 [0.282]
Upper sec. school + voc. train. 0.057 [0.231] 0.079 [0.270] 0.073 [0.261] 0.106 [0.308]
“Fachhochschule” degree 0.028 [0.166] 0.026 [0.160] 0.022 [0.146] 0.023 [0.150]
University degree 0.082 [0.274] 0.116 [0.320] 0.067 [0.249] 0.126 [0.331]
German nationality 0.742 [0.437] 0.755 [0.430] 0.828 [0.377] 0.830 [0.375]

Table B.2 – Summary statistics for selection into part-time employment
Note: Standard deviations in parentheses.
(Source: SIAB v7517, own calculations)
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Outcome Selection Sorting

Constant
√ √ √

Year dummies 2001-2017
√ √

Regional (federal state) dummies
√ √

Age 25-29
√ √

Age 30-34
√ √

Age 35-39
√ √

Age 40-44
√ √

Age 45-49
√ √

Age 50-54
√ √

Age 55-60
√ √

FT work experience
√ √

(FT work experience)2
√ √

FT work experience x 1(East Germany=1)
√ √

(FT work experience)2 x 1(East Germany=1)
√ √

1(FT work experience=0)
√ √

PT work experience
√ √

(PT work experience)2
√ √

PT work experience x 1(East Germany=1)
√ √

(PT work experience)2 x 1(East Germany=1)
√ √

1(PT work experience=0)
√ √

Minijob work experience
√ √

(Minijob work experience)2
√ √

Minijob work experience x 1(East Germany=1)
√ √

(Minijob work experience)2 x 1(East Germany=1)
√ √

1(Minijob work experience=0)
√ √

Education: lower/middle sec. school + voc. training
√ √

Education: upper sec. school only
√ √

Education: upper sec. school + voc. training
√ √

Education: “Fachhochschule” degree
√ √

Education: university degree
√ √

German nationality
√ √

1(likely student aged 20-25=1)
√

1(likely student aged 26-30=1)
√

1(likely student aged 31-35=1)
√

Full-time share
√

Part-time share
√

Minijob share
√

First difference full-time share
√

First difference part-time share
√

First difference minijob share
√

Transition rate FT → FT
√

Transition rate FT → PT
√

Transition rate FT → non-employment
√

Transition rate PT → FT
√

Transition rate PT → PT
√

Transition rate PT → non-employment
√

Transition rate non-employment → FT
√

Transition rate non-employment → PT
√

Transition rate non-employment → non-employment
√

Table B.3 – Covariates used in outcome, selection and sorting equation
Note: Labour market variables used as instruments in selection equation are estimated for cells defined by sex, year, age
group as defined above, region (Raumordnungsregion) and educational attainment (group 1: secondary school degree

only or less; group 2: vocational training; group 3: university/“Fachhochschule” degree)
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B.4 Time trends in instrumental variables
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Figure B.2 – Evolution of aggregated transition rates by gender
(Source: SIAB v7517, own calculations)

103



CHAPTER 3. Appendix B

0
.1

.2
.3

.4
.5

Sh
ar
e

2000 2005 2010 2015

Men Women

(a) Full-time share

-.0
2

-.0
1

0
.0

1
.0

2
.0

3
Fi

rs
t d

iff
er

en
ce

2000 2005 2010 2015

Men Women

(b) ∆ Full-time share

0
.1

.2
.3

.4
.5

Sh
ar
e

2000 2005 2010 2015

Men Women

(c) Part-time share

-.0
2

-.0
1

0
.0

1
.0

2
.0

3
Fi

rs
t d

iff
er

en
ce

2000 2005 2010 2015

Men Women

(d) ∆ Part-time share

0
.1

.2
.3

.4
.5

Sh
ar
e

2000 2005 2010 2015

Men Women

(e) Marginal part-time share

-.0
2

-.0
1

0
.0

1
.0

2
.0

3
Fi

rs
t d

iff
er

en
ce

2000 2005 2010 2015

Men Women

(f ) ∆ Marginal part-time share

0
.1

.2
.3

.4
.5

Sh
ar
e

2000 2005 2010 2015

Men Women

(g) Non-employment share

-.0
2

-.0
1

0
.0

1
.0

2
.0

3
Fi

rs
t d

iff
er

en
ce

2000 2005 2010 2015

Men Women

(h) ∆ Non-employment share

Figure B.3 – Evolution of aggregated employment shares
and their first differences by gender

(Source: SIAB v7517, own calculations)
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CHAPTER 4

Secular changes in educational

attainment and the quality of the highly

skilled – Evidence from Germany∗

4.1 Introduction

Over the last decades, Germany experienced large changes in the composition of the la-

bour force with regards to educational degrees. As in many other industrialised countries,

the shares of university educated individuals have drastically increased for successive co-

horts, accompanied by a decreasing share of persons holding a vocational training degree

particularly for the younger cohorts (see figure 4.1 for the case of men). Especially after

the millennium, the first-year student ratio has been steadily rising, implying a fur-

ther acceleration of the “academisation” of the German workforce (Wolter and Kerst,

∗This chapter is based on: Sturm, Miriam (2025): Secular changes in educational attainment and the

quality of the highly skilled – Evidence from Germany, unpublished manuscript, University of Tübingen.

I thank Martin Biewen and Tobias Brändle, as well as the participants at the International NEPS

Conference 2023, the Annual Conference of the International Association for Applied Econometrics

(IAAE) 2024, and the Annual Meeting of the Economics of Education Association (AEDE) 2024 for

their helpful comments. Maximiliane Sick and Lara Müller provided excellent research assistance.
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2015). From an economic perspective, this development has raised at least two concerns.

First, Germany’s economy is facing an increasing skills shortage in professions requiring

vocational training, not least with the so-called “baby boomer” generation approach-

ing retirement age (Deschermeier and Schäfer, 2024; Sauer and Wollmershäuser, 2021).

Second, there is a growing debate as to whether the observed educational expansion has

led to an increasingly less advantageous selection of young persons into the academic

track. This latter point so far lacks empirical evidence due to the inherently unobservable

nature of individual ability or quality1. Katz and Autor (1999) point out that changes in

ability can also be identified more implicitly via the wage structure, arguing that varying

educational wage differentials over time may well reflect changes in the average quality

within educational groups rather than changes in average wages (given a fixed ability

level). Indeed, a number of German studies have documented significant changes in skill

premia across cohorts (see Boockmann and Steiner, 2006; Reinhold and Thomsen, 2017,

among others), but they have struggled to establish a clear link between these cohort

patterns and potential quality shifts due to educational expansion. Doing so is challen-

ging since the evolution of educational shares translates into changes in relative supplies

of skill groups, making it difficult to disentangle supply effects from quality effects when

relying solely on variation in educational shares over time.

In a similar vein as Carneiro and Lee (2011) for the US, the current study aims to resolve

this issue by additionally exploiting regional variation. Using high-quality administrative

wage data combined with rich survey data, I compare the full-time wages of highly

educated men of the same age working in the same region – thus facing the same relative

supplies –, but who received their university entry certificate in different regions. The

motivation behind this is that, while they should face the same skill prices on their

regional labour market, they might differ in their average ability since the academic track

is potentially more selective in some regions compared to others. Selectivity is thereby

thought to be measured by the share of a cohort (from the same region of education) that

is formally qualified to enrol in the tertiary education system. Wage differences induced

by these shares rather than by skill prices are thus assumed to reflect differences linked

to the composition of cohorts in terms of their average ability.

This paper contributes to the related literature in several ways. First, it is one among

1Note that these two terms will be used interchangeably throughout this paper.
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(d) 25- to 34-year old men

Figure 4.1 – Share of men with vocational training/university degree
(Source: Statistical Yearbooks, Federal Statistical Office, own calculations)

few studies based on German data that systematically relate changes in educational at-

tainment over time to changes in wages or skill premia received by different skill groups.

Second, the current analysis is – to the best of my knowledge – the first one that expli-

citly explores the role of changing selection into higher education whereas other studies

on Germany focus on the role of an increased supply of college labour for educational

returns. In this way, this paper contributes to understanding cohort patterns in skill

premia that have been found, but not entirely explained by previous studies. Third, the

German case is particularly interesting from an international perspective. One reason for

this is that Germany’s higher education shares are traditionally low in international com-

parison, but are starting to catch up with other OECD countries (OECD, 2021), making

the pronounced increase in college shares all the more striking. Furthermore, assessing

potential quality effects linked to educational expansion is arguably more appropriate

in education systems with low educational costs and flat hierarchies of educational in-

stitutions. Selection into educational paths should in this case be more tightly linked to

ability and less closely connected to financial factors, and changing educational shares

should therefore reflect potential ability shifts more accurately. This is in contrast to
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countries with high educational costs and steep hierarchies such as the US, which the

empirical literature has focussed on so far.

The remainder of this chapter is structured as follows. Section 4.2 summarises the liter-

ature related to the current study. Section 4.3 gives an overview of the German education

system and highlights the features that make the German case particularly well-suited

for the given research question and empirical method. Subsequently, section 4.4 intro-

duces the analytical framework. Section 4.5 provides a description of the data used

for the analysis, the results of which are presented in section 4.6. Finally, section 4.7

concludes.

4.2 Related literature

There is ample literature on the returns to education in Germany and their evolution over

time. In striking contrast to the US where the empirical evidence has documented quite

pronounced fluctuations in skill premia (Card and Lemieux, 2001; Katz and Autor, 1999;

Katz and Murphy, 1992), educational returns in Germany have been found to be relat-

ively constant over the years (see, e.g., Doepke and Gaetani, 2024; for a comprehensive

summary of the empirical evidence until the mid 2000s, see Flossmann and Pohlmeier,

2006). However, an increasing number of studies have shifted their focus away from av-

erage cross-sectional returns and towards a more cohort-oriented perspective, unveiling

a somewhat more nuanced picture. Based on Mincer-type wage functions including a

series of cohort dummies, Boockmann and Steiner (2006) find significant cohort effects

in the returns to education, with the latter declining markedly between the cohorts

1945-54 and 1965-74. Gebel and Pfeiffer (2010) confirm these findings for the members

of the “baby boomer” generation, who exhibit lower returns to education compared to

other cohorts particularly in their early working life.2 Fitzenberger and Kohn (2006)

estimate skill premia for different age groups at different points in time and show that

the resulting age profiles have not moved in a parallel fashion over the years, providing

further evidence for the existence of cohort effects on top of mere age and time effects.

More recently, Reinhold and Thomsen (2017) have found detrimental early labour mar-

ket outcomes (e.g., slower wage growth) for successive cohorts of young skilled workers

entering the labour market around the millennium. The inflow of these cohorts might

2Similar cohort effects are found for the UK by Walker and Zhu (2008).
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also help to explain the inverted-U shaped pattern in the university premium found by

Ordemann and Pfeiffer (2022) and Brüll and Gathmann (2020), who document that the

latter has started to decline after 2010.

Evidently, there is a consensus among the aforementioned studies that allowing for

cohort effects brings to light heterogeneities that are overlooked when focussing on mere

averages. Yet the literature largely leaves open the question what the origin is of the

observed cohort patterns in skill premia. Antonczyk et al. (2018) discuss three potential

explanations for their existence. First, the labour market conditions upon entry might

have long lasting effects on different birth cohorts (Raaum and Røed, 2006; von Wachter,

2020). Second, changes in the demand for and supply of highly skilled workers might

cause fluctuations in the university premium over time, particularly in light of skill-

biased technological change (see Acemoglu, 2002; Acemoglu and Autor, 2011, among

others). A seminal contribution by Card and Lemieux (2001) indeed shows that much of

the pronounced rise in the US college premium in the late 20th century can be explained

by an accelerated demand for highly skilled labour growing even faster than the supply

thereof. Third, changing selection into educational paths may result in differing skill

premia between cohorts (Carneiro and Lee, 2011; Juhn et al., 2005).

Both the second and third points are closely linked to the shares of different skill groups

over time (and across cohorts). Like many other industrialised countries, Germany has

witnessed secular changes in educational attainment over the past decades: While the

share of persons with completed vocational training has successively declined in spite

of its long history of success in Germany (see, e.g., Riphahn and Zibrowius, 2016), the

tertiary education share has risen continuously (Ammermüller and Weber, 2005; Wolter

and Kerst, 2015). Although it is rather striking that there seem to be cohort patterns

in skill premia and educational attainment alike, there are only few contributions who

link the two in a systematic manner. Notable exceptions are Fitzenberger and Kohn

(2006) and Glitz and Wissmann (2021) who use CES production frameworks similar to

that of Card and Lemieux (2001) to explore the role of relative supply of different skill

and age groups for educational returns, thus shedding some light on the second point

mentioned by Antonczyk et al. (2018). Glitz andWissmann (2021), for instance, find that

changing relative supplies across cohorts can explain the rise in the vocational training

premium (versus low education) fairly well. The evolution of the college premium seems
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to be somewhat more difficult to retrace, suggesting that there might be something else

driving it besides the supply of college labour.

Little attention has so far been paid to the quality of this supply, which connects to

the third point mentioned in Antonczyk et al. (2018): changes in selection into tertiary

education induced by educational expansion. The rationale behind this is the following:

Assuming a time-constant distribution of ability, increasing tertiary education shares

might change selection into college in the sense that the “marginal” attendants have less

favourable unobservables – henceforth referred to as (academic) ability or quality – than

those who would also have participated in tertiary education if college participation rates

had been lower.3 In fact, a few of the studies cited above provide room for speculation

about the existence of such quality effects in Germany. The first stage in the control

function approach by Gebel and Pfeiffer (2010), for instance, points to a less advantage-

ous selection into tertiary education over time. Likewise, Antonczyk et al. (2018) find

negative cohort effects and increasing within-group wage dispersion particularly for the

youngest cohorts, potentially reflecting an increased degree of heterogeneity which may

be related to a changing distribution of ability within skill groups.

Due to the inherently unobservable nature of ability, it is impossible to (de-)verify

this hypothesis in an immediate manner.4 However – from an economic perspective

–, the aforementioned inter-cohort differences in skill premia may provide another way

of identifying potential quality effects more implicitly since ability should ultimately be

mirrored in wages (Katz and Autor, 1999). To the best of my knowledge, the German

literature has hitherto left this possibility unexplored. One of the few studies explicitly

linking college premia to a cohort’s average ability is that by Juhn et al. (2005) for the

US, who model log decade changes in the college premium as a function of log changes

in college shares over the same time span. In their setting, college shares are thought to

measure a cohort’s selectivity or quality, and the authors present tentative evidence for

a negative relationship between these shares and college premia. They argue that this is

due to a lower average ability with higher enrolment rates, although the estimated effects

are not very large and consequently explain only a small part of the college premium

3Juhn et al. (2005) present a theoretical framework motivating this hypothesis.
4Some studies – most on the US – have relied on proxies such as cognitive test scores in order to

explore changing selection into educational tracks (Cunha et al., 2011; Dillon and Veramendi, 2018).
However, proxies are not only scarce, but arguably imperfect measures of ability (Heckman and Kautz,
2012).
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and its evolution over time.

Measuring ability levels based on educational shares like Juhn et al. (2005) comes with

one major challenge: Since educational shares and their evolution over time are tightly

linked to relative supplies of different skill groups, it is non-trivial to disentangle the

wage effects of supply from the effects of a changing average ability across cohorts.

An interesting contribution by Carneiro and Lee (2011) resolves this issue by resorting

to another source of variation in educational shares besides variation over time: Using

US census data, the authors compare the wages of highly skilled men of the same age

who work in the same labour market at the same time (thus facing the same relative

supplies), but who were born in different regions with varying shares of cohort members

who eventually graduated from college. They find that male college graduates from

regions with higher college shares receive lower wages on average than highly educated

men from regions with low college shares, which the authors attribute to declining ability

levels with higher college shares. The estimated effects are economically large and imply

that the increase in the college premium, which was fuelled by a rising demand for

college labour (see also Card and Lemieux, 2001), has been significantly dampened by

a declining quality of graduates caused by the expansion of tertiary education.

The current paper explores whether similar conclusions can be drawn based on German

data. This is an interesting endeavour not only because empirical evidence on the quality

effects of educational expansion has yet to be established for Germany, but also because

the German education system is especially well-suited for a setting that aims to identify

such effects based on regional variation. The next section highlights why this is the

case.

4.3 Institutional background

The German education system exhibits several features that contrast substantially with

other OECD countries, and that make the German case especially relevant and well-

suited to identify potential shifts in the ability of college graduates due to educational

expansion. Since the existing empirical evidence on the research question at hand is

almost exclusively based on data from the US, this section particularly highlights the

differences between the German and US education systems, respectively.
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After elementary school (around the age of 10), children can either continue their edu-

cational path at lower, middle, or upper secondary school, where the latter is more

academically oriented than the former two. The German education system is thus char-

acterised by early tracking, which might be beneficial in terms of specialisation, but can

also lead to misallocation of children into the aforementioned tracks and is therefore not

uncontroversial (see, e.g., Biewen and Thiele, 2020; Bol and Van de Werfhorst, 2013;

Brunello and Checchi, 2007). Selection into secondary schools is based at its core on

children’s abilities (Cockrill and Scott, 1997; Maaz et al., 2008), although the precise

regulations vary over time and also between regions (see last paragraph of this section).

Only those who graduate from upper secondary school receive a certificate that qualifies

them for higher education, the so-called “Abitur”. This certificate generally allows them

to enrol either at a university or at a university of applied sciences (called “Fachhoch-

schule”), which are somewhat more practically oriented than the classical universities,

but are equally part of the tertiary education system. Unlike colleges in the US, German

universities do typically not select their students based on specific aptitude tests which

aim to make applicants from different schools more comparable. The decision whether

one qualifies for tertiary education is hence made in the secondary school system,5 which

is once more in contrast to the US where selection into higher education is traditionally

mostly controlled by colleges themselves (Allmendinger, 1989; Luthra and Flashman,

2017).

Graduates from all three types of secondary schools have the possibility to complete

vocational training comprising both classes at vocational school and training at a chosen

employer, although employers may have preferences for certain secondary school degrees.

The dual vocational training system has a long tradition in Germany and is viewed as

one of the pillars of Germany’s low youth unemployment rates (Riphahn and Zibrowius,

2016). In the recent past, however, the share of persons with completed vocational

training has declined while the tertiary education share has risen continuously (Wolter

and Kerst, 2015). These trends are tightly linked to the rising shares of children attending

upper secondary school (see also section 4.5) as opposed to lower or middle secondary

school. Due to the aforementioned tracking system, it is likely that the drastically rising

5In certain cases (i.e., if the person is highly qualified) it is possible to enrol in tertiary education
without having graduated from upper secondary school, but these are rare, see Biewen and Thiele
(2020).
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upper secondary school shares are connected to an increasing number of misallocations

to the academic track. This makes countries such as Germany particularly prone to

ability shifts induced by educational expansion compared to countries whose education

systems are characterised by a lower degree of tracking.

Another central feature of the German education system relates to educational costs. In

general, the cost of schooling is fairly low in Germany: Secondary education is typically

free of charge, private schools play a negligible role, and universities charge semester

fees that are only a small fraction of tuition fees in the US.6 There are no fees related

to vocational schools, and vocational training itself is financed by firms who may pay

their apprentices a wage that is, however, typically lower than the wages received by

regular employees. In the German case, the largest cost associated with education is

the opportunity cost of foregone earnings. Selection into academic versus vocational

education (or no professional training at all) should therefore be predominantly based

on individual ability and not as much on financial or socioeconomic factors as in other

countries. In the US, where there are considerable direct costs of education, changes in

tertiary education shares might also be closely linked to fluctuations in tuition, income

levels, or the availability of financial aids such as scholarships. Hence, looking at the

German case rather than that of the US appears particularly promising if the goal is to

link shifts in educational shares to shifts in ability.

Finally – and most important conceptually –, the German education system exhibits a

highly federal organisation. Education is generally the responsibility of the 16 federal

states, with each of them having their own curricula – although standards are coordin-

ated in the Conference of State Education Ministers (“Kultusministerkonferenz”) –, final

examinations, and regulations for assigning children to secondary school tracks. The lat-

ter may differ in the elementary school grades required to attend upper secondary school,

or in the liability to the recommendations given by teachers. In some states, these re-

commendations are binding whereas in others, parents can decide independently which

6There were no general tuition fees at German public universities until 2005, but some federal states
introduced fees of up to EUR 500 for some years. These fees are not expected to drive the results of
this analysis since the youngest birth cohort contained in the data is that of 1986 (see section 4.5), such
that only a small fraction of individuals were affected by these fees. Furthermore, empirical evidence
suggests that the introduction of these fees has not had a significant impact on the transition from
upper secondary school to university (Baier and Helbig, 2014; Bruckmeier and Wigger, 2014).

113



CHAPTER 4. 4.4. Model

track to enrol their children in.7 While the US secondary school system is character-

ised by a low degree of standardisation within regions, secondary schooling in Germany

is highly standardised within the federal states (Allmendinger, 1989; Henderson et al.,

2015), resulting in a much clearer regional distinction. It is this feature that makes the

case of Germany particularly appealing to exploit regional variation in order to identify

potential quality effects of sorting into higher education. Since secondary schools decide

whether an individual qualifies for university or not, the share of persons graduating

from school with a university entry certificate in each state (rather than the college

share in each region of birth as in Carneiro and Lee, 2011) thereby seems a natural

measure of selectivity or average ability. The subsequent section describes the analytical

framework within which this regional variation is exploited.

4.4 Model

The current study is based on the analytical setting employed by Carneiro and Lee

(2011). Let there be two distinct levels of schooling S = k, where individuals can either

have a college degree (k = c) or a vocational training degree (k = v). Within each skill

type, individual wages may vary between different ages a, years of observation t, regional

labour markets r, and the regions where individuals were educated, e. Individual wages

for workers of skilly type k can be written as

W k
iatre = Πk

atrU
k
i,t−a,e . (4.1)

In this wage equation, Πk
atr denotes the price for k-type skill (e.g., academic skill if k = c)

among age group a working in region r in year t, and Uk
i,t−a,e is the individual-specific

endowment with k-type skill for those belonging to cohort t− a who went to secondary

school in region e. Log wages are then given in additive form by

wk
iatre = πk

atr + uk
i,t−a,e , (4.2)

with wk
iatre = logW k

iatre, π
k
atr = logΠk

atr, and uk
i,t−a,e = logUk

i,t−a,e.

7Teacher recommendations are controversially discussed in the literature: While Grewenig (2021)
finds positive effects of binding recommendations on student achievement, Batruch et al. (2023) argue
that teacher recommendations tend to be biased based on the socioeconomic background of students.
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In order to derive expected wages for certain groups of individuals, define indicators Sk
i

for having educational degree k, Aiat for belonging to age group a in year t, and Mitre

for having been educated in region e and working in region r in year t. Further, denote

the expected log wage for someone with qualification k belonging to age group a in

period t who was educated in region e and works in region r by ωk
atre = E[wk

iatre|Sk
i =

1, Aiat = 1,Mitre = 1], and analogously the expected (log) endowment of k-type skill

by νk
atre = E[uk

i,t−a,e|Sk
i = 1, Aiat = 1,Mitre = 1]. Together with equation (4.2), this

yields

ωk
atre = πk

atr + νk
atre , (4.3)

such that expected log wages are given for cells defined by (k, a, t, r, e).

Equation (4.3) has the following important implications. First, expected log wages are

the sum of the log price πk
atr received by k-type skill workers of a similar age a working

on the same labour market r at time t, and the average endowment of these workers

with k-type skill, νk
atre. The latter can be thought of as measuring the average quality of

workers in the respective cell. Second, while skill prices are identical among individuals

belonging to the same (k, a, t, r) cell, average skill endowment may additionally depend

on the region where individuals were educated, i.e., it may vary with (k, a, t, r, e). This

implies that exploiting regional variation makes it possible to disentangle supply effects

(which are absorbed by πk
atr) from quality effects (reflected by νk

atre). Put differently,

differences in the average quality of workers can be recovered by comparing persons who

were educated in different regions, but who otherwise face the same skill prices πk
atr due

to them being of the same age and working in the same labour market region at the

same time.

Part of the difference in average quality between regions of education e might be the

result of varying shares of persons holding a university entry certificate (“Abitur”) across

regions e (and cohorts t − a). The rationale behind this is straightforward: Assuming

that the distribution of ability is the same across regions and over time, the “Abitur”

shares of the respective cohorts should be approximately equal. If they are not, this

might indicate, for instance, that upper secondary schools are more selective in some

federal states than in others, perhaps due to differing regulations regarding the transition
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from elementary to secondary school in the tracking system. As discussed in section 4.3

(and as will be shown in section 4.5), the federal organisation of the German education

system has the potential to – and does – create considerable variation in“Abitur” shares.

The latter shall therefore serve as the central quality measure in the remainder of this

study.

It is important to think about how to model average skill endowment (νk
atre) and prices

for k-type skill (πk
atr). As mentioned before, prices only vary at the level of (a, t, r)

within each skill type k. To avoid any functional-form restrictions, they are modelled

as year–age–region-of-work fixed effects γk
atr by including dummies for each (k, a, t, r)

cell. As to average k-type skill endowment within an (a, t, r, e) cell, it seems likely that

there are also other factors besides the share of cohort members eligible for college that

result in differences in νk
atre across regions e. Other characteristics of the regions in which

individuals were educated – and where they most likely grew up – might also affect skill

endowment within a cell. To name one example, individuals growing up in structurally

weak regions might not have the same opportunities as their peers from other regions

in terms of, e.g., early labour market experience or parental income, such that average

skill endowment in these cells might be lower compared to cells corresponding to other

regions of education e. Furthermore, vocational and academic education might be valued

and promoted differently in different regions of education, such that a region might

be relatively well-endowed with v-type skill while simultaneously exhibiting relatively

low endowment with c-type skill compared to other regions. The specification therefore

potentially also includes region-of-education fixed effects as well as their interactions

with year of observation t, age a, and region of work r, respectively. Finally, there might

be selective migration: As an example, high-ability workers may tend to move to certain

regions r, or they may tend to leave certain regions e. To account for possible wage

differences induced by such migration flows from region e to labour market r, a function

λk(P k
M,atre, P

k
M,atrr) of the migration probabilities P k

M,atre and staying probabilities P k
M,atrr

in each cell may also explain part of νk
atre.

8

Considering all these potential confounders yields the following model. Let Pt−a,e denote

8This means that for each cell (a, t, r, e) and skill group k, P k
M,atre is estimated as the fraction of

k-skilled, a-aged individuals from region e working in region r in year t, i.e., it reflects how “popular”
region r is as a destination for individuals from region e. Similarly, P k

M,atrr reflects how likely it is that
individuals educated in region e stay to work in this region later on, i.e., e = r.
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the “Abitur” share of cohort t − a from region e, and ϕk(Pt−a,e) some function thereof.

Using that πk
atr = γk

atr and νk
atre = γk

ae + γk
te + γk

re + ϕk(Pt−a,e) + λk(P k
M,atre, P

k
M,atrr),

equation (4.3) becomes

ωk
atre = γk

atr + γk
ae + γk

te + γk
re + ϕk(Pt−a,e) + λk(P k

M,atre, P
k
M,atrr) , (4.4)

with γk
ae, γ

k
te and γk

re being full fixed effects by region of education and age, year, and

region of work, respectively. As discussed above, these fixed effects aim to control for a

variety of factors affecting average quality within cells. After controlling for these effects

and for skill prices γk
atr, the remaining wage differences between cells must be due to

differences in quality due to the selectivity of upper secondary schooling. In practice,

ϕk(Pt−a,e) will be a linear function of the odds ratio of the share of cohort members from

the same region e holding a university entry certificate, i.e., ϕk(Pt−a,e) = βk Pt−a,e

1−Pt−a,e
.

The odds ratio is a convenient choice since it provides more variation than the “Abitur”

share itself (which by definition only varies between 0 and 1, while the odds ratio may

take on values between 0 and ∞). Estimates of migration and staying probabilities

(P k
M,atre, P

k
M,atrr) are (if considered at all) included as second-degree polynomials.

Equation (4.4) is estimated separately for average wages received by persons who have

completed college (k = c) or vocational training (k = v), respectively, rather than using

the college premium as the dependent variable. The reason for this is that varying college

premia might not be exclusively caused by changes in the quality of college graduates,

but possibly also by changes in the quality of those with completed vocational training.

It seems possible that the quality of the latter group is also affected by rising “Abitur”

shares since these imply that an increasing share of young persons have the alternative

to pursue a college degree, which may alter the pool of applicants for vocational training.

If such spillover effects exist, these would blur the effect of sorting into higher education

when focussing on the college premium. Looking at the two groups separately makes

it possible to assess to what extent educational expansion is linked to selection into

the tertiary education system and into vocational training, yielding a more holistic

picture.
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4.5 Data

4.5.1 Data sources

Several data sources are combined to examine the relationship under question for the case

of Germany. First and foremost, the current analysis hinges on the use of high-quality

wage data, which are taken from the Sample of Integrated Labour Market Biograph-

ies (SIAB). The SIAB is a 2% random sample drawn from the Integrated Employment

Biographies (IEB), which contain exact to-the-day information on all employees covered

by social security records between 1975 and 2017. The records of employees in the East

German states are available in the data starting in 1992. All in all, the SIAB records

(within the given time frame) the entire employment histories of approximately 1.8 mil-

lion individuals. On the one hand, its administrative nature makes it perfectly suited

for applications relying on high-quality data on the daily wage received by employees.

On the downside, the IEB only record employment subject to social security contribu-

tions, meaning that public servants and self-employed individuals are not contained in

it. A related problem is that wages are only reported up to the social security contribu-

tions ceiling. Right-censored wages are therefore imputed following Gartner (2005), as

is common practice in the related literature (see appendix C.1 for details).

In spite of its aforementioned advantages, the SIAB provides very little information on

the individuals whose administrative records it is based upon. Unlike the given wage

and employment information which is precisely measured, the SIAB only contains very

basic and partially incomplete information on individuals’ education. The current study

therefore makes use of the so-called NEPS-SC6-ADIAB database, a project conduc-

ted jointly by the IAB and the Leibniz Institute for Educational Trajectories (LifBi).

The latter is the provider of the National Educational Panel Study (NEPS, for details

see NEPS Network, 2022), a unique survey providing detailed information on the en-

tire educational paths of roughly 17,000 survey participants. The NEPS-SC6-ADIAB

project links the survey respondents (conditional on their agreement9) to their adminis-

trative records, making it possible to observe the entire employment biographies of the

survey participants. Thus, the resulting dataset combines reliable wage data with rich

information on the educational background of the observed individuals.

9Roughly 93% of the survey respondents agreed to the linkage, see Bachbauer et al. (2021).
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Among other things, the survey participants report in which year and federal state they

acquired each of their educational degrees. As laid out in the previous section, this

is precisely the sort of information needed to disentangle supply effects from quality

effects based on regional variation. The NEPS data are arguably more suitable in the

given context than that used by Carneiro and Lee (2011) whose census data only report

the region of birth, which they need to assume to also be the region where individuals

were educated. This is potentially problematic especially in case of the US where (1) due

to the steep hierarchy of higher educational institutions, there’s sizeable migration across

regions especially of the most qualified persons who may wish to attend a prestigious

college elsewhere (Faggian and Franklin, 2014), and at the same time (2) colleges are

the institutions that ultimately decide who can enrol, as opposed to Germany where the

decision whether someone qualifies for college is primarily made in secondary schools (see

section 4.3). Thus, the assumption made by Carneiro and Lee (2011) that the region of

birth is also the region where individuals were selected for college might be inappropriate

especially for highly able persons. The detailed information made available in the NEPS

prevents related complications that may interfere with the results.

As mentioned before, the central measure of selectivity – and hence of a cohort’s average

(academic) ability – is the share of young persons graduating with a university entry

certificate in a given year and federal state. Since the sample size is limited in the NEPS,

these “Abitur” shares are instead computed based on data gathered from the Statistical

Yearbooks. The latter are rich collections of economic, demographic and other statistics

provided by the Federal Statistical Office of Germany, including the exact number of

individuals who successfully graduated from upper secondary school in each year and

federal state. Together with the size of the relevant age group10– which is also reported in

the Statistical Yearbooks –, these numbers can readily be used to compute the “Abitur”

share of a given cohort defined by graduation year and region. The gathered data reach

back until the mid 1950s, ensuring that each person in the NEPS-SC6-ADIAB can be

assigned her or his “Abitur” share. Combining these data sources results in a dataset

that is tailored specifically for the given analytical setting.

The analysis focusses on full-time working men aged 25 to 64 years due to the high

10The Statistical Yearbooks report the number of state inhabitants aged 18 to under 21 years. The
“Abitur” share is computed by dividing the number of graduates by one third of the size of this age
group.
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part-time share of women and the absence of information on hours worked in the ad-

ministrative data. For individuals with several employment spells per year, the wage

information from the longest employment spell of a given year is determined and in-

cluded into the analysis.11 In the rare case of parallel full-time employment spells, I only

use the one with the highest reported wage. Furthermore, only wages observed between

1999 and 2017 are considered since the NEPS only contains birth cohorts 1944 to 1986

and the analysis groups individuals into 5-year age groups (see below), such that the

chosen years are the only ones that are relatively balanced in composition with regards

to age.

4.5.2 Descriptive evidence
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Figure 4.2 – Aggregated college premium using observed and predicted average wages
(Source: NEPS-SC6-ADIAB, own calculations)

The solid line in figure 4.2 depicts the evolution of the college premium – estimated as

the simple log difference between average college and vocational wages – for the given

sample.12 It appears that the German college premium is not very dynamic, exhibiting

only a slight upward trend from about 53 to 58% over a time span of almost 20 years

and recently even a slight decline (see also Brüll and Gathmann, 2020; Ordemann and

Pfeiffer, 2022). As highlighted in section 4.2, this is in stark contrast to the US college

premium, which has evolved much more dynamically (Doepke and Gaetani, 2024).

11The analysis is generally based on real wages inflated based on the Consumer Price Index
(2017=100) provided by the Federal Statistical Office.

12Note that the dashed line is a predicted premium obtained from a version of equation (4.4) and
that the premia are given for subperiods comprising 4 years (see reason below).
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The lack of movements in the college premium also makes it difficult to surmise in what

way the latter might be related to changes in educational shares, which have evolved

much more dynamically: As it turns out, there is considerable variation in“Abitur”shares

– over time, but also between different federal states. Figure 4.3 exemplarily depicts their

evolution for four states.13 Panels (a) to (c) reveal the general trend of an increase in the

share of young persons eligible for college. However, this trend accelerates in a much more

pronounced manner in the states of North Rhine-Westphalia and Bremen compared to

Bavaria, particularly in the 1970s. Over the time span between 1955 and 2010, “Abitur”

shares rose from below 10% in 1955 to 23% in Bavaria, 32% in North Rhine-Westphalia,

and even 38% in the state of Bremen. Similar upward trends – albeit at a lower level

– can be observed for the first-year student ratios in the same states shown in figure

C.2 in appendix C. This confirms that the federal organisation of the German education

system produces a significant amount of regional differences, which makes it promising to

pursue the approach outlined in the previous section. Interestingly, the periods in which

“Abitur” shares (and first-year student shares) show the most pronounced increase are

also the ones in which college dropout rates have risen most markedly (see figure C.3

in appendix C). This is especially true of the aforementioned surge in the 1970s, and

could be a first hint at a decline in the average ability of those admitted into the tertiary

education system as relatively more persons formally qualify for it.

Panel (d) depicting the evolution of the “Abitur” shares for the East German state of

Brandenburg highlights a particular source of variation coming from individuals who

were educated in the German Democratic Republic (GDR). In contrast to the Federal

Republic of Germany where “Abitur” shares already rose rather sharply before the re-

unification, they remain just under 10% in Brandenburg and the other regions of the

GDR14 where admission into the academic track was especially restrictive. Since it is

not clear whether admission was solely based on ability or possibly also on the fam-

ily’s party affiliation or political activities in general, the empirical part will consider

different samples, where one variation will omit cells in which the GDR is the region of

education, and a third variation additionally excludes East German states as the region

13The evolution of “Abitur” shares in the remaining 12 states is depicted in figure C.1 in appendix
C.

14Note that population numbers and the number of upper secondary school graduates are only
given for the whole GDR rather than for different regions, such that the shares reported before the
reunification are the same across all states in the GDR.
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Figure 4.3 – Shares of young persons graduating with “Abitur”
(Source: Statistical Yearbooks, Federal Statistical Office, own calculations)

of work.

In an ideal setting, one would estimate the model specified in equation (4.4) based

on fine cells defined by 16 regions of education (17 if those educated in the GDR are

included as a separate group) and 16 regions of work to fully capture the heterogeneity

between these federal states. However, using the detailed survey data from the NEPS

unfortunately comes at the cost of a limited number of observations. Distinguishing all

16 regions would produce an abundance of empty cells and hardly any cells with more

than a handful of observations. This limitation necessitates an aggregation of different

federal states into regions that are comparable in terms of their “Abitur” shares across

time, and that are also similar in terms of other factors that might affect the labour

market situation.

To substantiate the choice of aggregated regions, figure C.4 in appendix C exemplarily

shows in which federal states“Abitur”shares were relatively high or low in the years 1975,

1985 and 1995, with darker shades indicating higher shares. What catches the eye is that

the three city-states Berlin (West Berlin before the reunification), Hamburg and Bremen

exhibit the highest shares of young persons graduating with a general qualification for
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Figure 4.4 – Aggregated shares of young persons graduating with “Abitur”
(Source: Federal Statistical Office, Statistical Yearbooks, own calculations)

higher education. Since they should also be rather comparable in other respects (all are

cities, located in the northern part of Germany and entirely surrounded by larger states),

it seems sensible to aggregate these three states. The states of North Rhine-Westphalia

and Hesse often have the next highest “Abitur” shares. Given that the two states are

also geographically close and characterised by both rural and metropolitan areas (the

Ruhr area in case of North Rhine-Westphalia and Frankfurt in case of Hesse), they are

also aggregated. The other aggregates are Schleswig-Holstein and Lower Saxony (both

located in the North), and Baden-Wuerttemberg, Bavaria, Rhineland-Palatinate and

Saarland (located in the South), where the states in these aggregates have relatively low

“Abitur” shares. Finally, the last group of federal states are those in the East that once

belonged to the GDR, and that exhibit the lowest“Abitur”shares before the reunification

and considerably higher shares afterwards.

The resulting cells are thus built based on 5 regions of work and 6 regions of education,

where the latter include the GDR. An overview of these regions is provided in table C.1

in appendix C. Besides aggregating over federal states, workers of a similar age are also

grouped together into 5-year age groups (25-29, 30-34, ..., 60-64 years of age). Further,

to increase cell sizes for the sake of a more robust estimation of average wages ωk
atre,

the final cells always comprise four neighbouring years. Given that each cell must be

attributed one unique “Abitur” share, this further aggregation with respect to age a

and year t necessitates the use of an average “Abitur” share over time rather than the
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(Source: NEPS-SC6-ADIAB, own calculations)
Note: Categories low, medium and high are based on the terciles of the distribution of college labour shares.

exact year-by-year shares presented above. The resulting aggregated shares are depicted

in figure 4.4 and clearly show that there is still considerable variation in the shares of

young persons graduating with“Abitur”over time and between the more broadly defined

regions. As noted in the previous sections, this regional variation is central to the idea

of the chosen approach.

If “Abitur” shares are telling of the average ability of college graduates educated in the

different regions, these differences should ultimately also be mirrored in their wages.

But to what extent is this the case? Figure 4.5 gives a first glimpse at the relationship

the current analysis aims to measure. The points shown in this graph represent college

premia (college vs. vocational wages) estimated for cells defined by year, age, region

of work, and the region where individuals went to secondary school. These premia are

computed separately for different types of labour markets with varying relative supplies

of college labour, which aims to control – to a certain extent – for supply effects. The

resulting college premia are then plotted against the corresponding “Abitur” share in

the region where individuals received their qualification for higher education. Figure

4.5 offers two main insights. First, there tends to be a negative relationship between

college premia and “Abitur” shares. Following the argument that motivates the current

study, this is potentially due to a declining average ability with increasingly higher

shares of persons formally qualified to enrol in the tertiary education system. Second,
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the strength of this relationship seems to depend on the relative supply of college labour.

While there is no clear pattern for labour markets with a relatively low share of highly

skilled persons (orange), it becomes negative for those with a medium supply (blue)

and is steepest for labour markets with the highest shares of college labour (purple).

The next section reveals whether this negative association is still there in an analytical

setting that models demand and supply effects more flexibly as lined out in section

4.4.

4.6 Empirical results

4.6.1 Regression results

Table 4.1 presents the results obtained from variations of equation (4.4). These variations

differ in the minimum cell size imposed15 as well as in the exact set of controls included.

Each specification is carried out (a) including every cell, (b) excluding cells in which

the GDR is the region of education, and (c) additionally excluding East Germany as

the region of work. As noted in section 4.4, the dependent variables are not college

premia, but average log college and vocational wages in each cell. Due to the multitude

of fixed effects included in the model, table 4.1 only reports the estimated coefficient

and standard error on the covariate the current analysis focusses on, which is the odds

ratio of “Abitur” shares. Recall that this variable is intended to measure the composition

of a cohort with regards to its average ability. Hence, the reported coefficient estimates

aim to measure the wage effects of educational expansion that can be attributed to

differences in average ability between cells.

All of the uneven columns report the results for college wages. The main takeaway from

the given estimates is that they all point to a negative relationship between “Abitur”

odds ratios and college wages, implying that individuals from regions (and cohorts) with

higher “Abitur” shares tend to receive lower wages on average. This is consistent with

the hypothesis that educational expansion draws increasingly lower abilities into tertiary

education, and aligns with the results obtained by Carneiro and Lee (2011) for the US.

Irrespective of the set of fixed effects included, the estimate of interest remains rather

15Tables C.2 and C.3 in appendix C show the composition of the samples used in the regressions,
displaying the fraction of cells belonging to each age group a, region of work r, region of education e,
and time period t.
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robust in size, ranging from about -1.2 to -1.0 when including cells with the GDR as

the region of education and from -1.0 to -0.7 when exclusively considering cells from

West Germany. But what do these numbers tell us? It turns out that taking even the

most conservative estimate obtained from specification (1c) yields an effect that is non-

negligible in magnitude. To see this, recall that the presumed quality effect is measured

by a linear function of the odds ratio of “Abitur” shares, i.e., by ϕk(Pt−a,e) = βk Pt−a,e

1−Pt−a,e
.

For the sake of simplicity, assume that the “Abitur” share within a cell defined by

(t − a, e) doubles from 10 to 20%, which roughly corresponds to the increase observed

in Bavaria over the whole time span since 1970 and to the striking expansion in the

state of North Rhine-Westphalia in the 1970s alone (see figure 4.3). A rise in “Abitur”

shares of this magnitude would imply an increase in the odds ratio by about 0.139,

which – combined with β̂c = −0.692 – yields a detrimental effect on college wages by

−0.692·0.139 = −0.096, i.e.,−9.6% that is attributable to a decline in the average ability

of college graduates. Relying on the larger (and statistically significant) coefficient from

specification (1a) based on all cells would imply that this same rise in “Abitur” shares

is accompanied by a quality-related decline in college wages by about −15.8%, which is

quite considerable.

While unanimous in their sign, the coefficient estimates are not always statistically

significant. By way of example, the presumed quality effect is – as just noted – very

large and highly significant when including cells in which the GDR is the region of

education, but it becomes substantially smaller and is no longer significant when these

cells are omitted (see specifications (1b) and (1c)). As expected, the estimates within the

same column are considerably more robust to omitting the GDR when the minimum cell

size is increased. This becomes most evident by comparing the first to the third column,

which contains the same set of controls, but requires cells to contain at least 10 (instead

of 5) observations.16 In the third column, the coefficient estimate on the “Abitur” odds

ratio only drops from -1.021 in specification (3a) to -0.920 in specifications (3b) and

(c) while also remaining significant on a level of 10%. Similarly modest drops in the

estimated parameter of interest are visible in columns (5) and (7), suggesting that the

estimated effects are not solely driven by the cells belonging to the former GDR.

16Note that the samples based on cells with at least 5 and at least 10 observations, respectively, are
very similar in composition (see tables C.2 and C.3 in appendix C).
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Besides these differences between the rows of the same column, there are also some

differences between columns. As previously mentioned, the estimated quality effect is

overall rather robust to variations in the set of controls, irrespective of whether only

(e − a) and (e − r) fixed effects are included (columns (1) and (3)), whether (e − r)

fixed effects are replaced by migration rates (column (5)), or whether one additionally

includes (e − t) fixed effects as well as migration rates (column (7)). When including

the GDR into the regressions, the parameter of interest is also statistically significant

in almost all specifications. The only exception is (7a), where the introduction of (e− t)

fixed effects in addition to the fixed effects in the previous columns appears to introduce

some multicollinearity, thus inflating the standard errors while the estimate itself remains

similar to its counterparts in the other columns. The picture is somewhat different when

excluding the GDR as the region of education (and East Germany as the region of work),

where only specifications (3b) and (3c) report a statistically significant relationship

between the “Abitur” odds ratio and college wages, and that only on a 10% level of

significance. This is not surprising in light of the fact that omitting cells with the GDR

as the region of education results in a significantly lower number of observations, and

that these cells – with their unusually low and stable “Abitur” shares (recall figure 4.3)

– furthermore contribute a considerable amount of variation to the specifications in the

first row that is missing from the remaining two. The direction of the estimated effect,

however, is unambiguous across all specifications.

All in all, table 4.1 tends to provide evidence of declining college wages with higher shares

of persons considered as qualified for enrolling in college, albeit with varying degrees of

significance. This is consistent with comparable empirical evidence on the US established

thus far (Carneiro and Lee, 2011; Juhn et al., 2005) and at least suggestive of the

hypothesis that educational expansion draws individuals located towards increasingly

lower percentiles of the ability distribution into higher education. Due to the limited

sample size, the magnitude of the estimated effects should nevertheless be treated with

caution.

It is further important to mention that the source of the presumed quality effect is

not obvious. As also noted by Carneiro and Lee (2011), a declining “ex-ante quality”

of college participants in the sense that they already differ in terms of their inherent

ability before they work their way through the education system may only be part of
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the story. An alternative explanation is that unless financial and personnel resources

are adequately raised, the amount of resources available per student declines the more

young persons attend upper secondary schools (and subsequently colleges). This latter

point may impair the quality of education itself, resulting in yet another detrimental

effect on the quality of college graduates. The coefficients presented in table 4.1 can

therefore be thought of as measuring the gross quality effect of educational expansion.

Since the two distinct sources would call for crucially different policy implications17,

table C.4 in appendix C makes an attempt to separate them by additionally controlling

in the specifications for college wages from table 4.1 for the financial resources of German

educational institutions. Based once more on information from the Statistical Yearbooks,

the regressions presented in table C.4 control for real public expenditures for universities

per first-year student and for upper secondary schools per graduate, respectively, where

expenditures are given by region of education e and cohort (t − a) (i.e., expenditures

are given at the same level as “Abitur” shares).18 As it turns out, the estimates on the

“Abitur” odds ratio remain rather robust to the inclusion of university expenditures,

but they become somewhat smaller in magnitude when controlling for upper secondary

school expenditures. I conjecture that this is suggestive of the gross quality effect in table

4.1 being driven both by a decline in “ex-ante ability” and by an impaired quality of

(upper secondary) education due to educational expansion. While this seems conclusive,

the estimates in table C.4 should once more be taken with a grain of salt due to the

low sample size, which is impeded by the lack of expenditure data for the former GDR

(which is why there are no versions in this table where the former GDR is the region of

education).

Table 4.1 also offers some interesting insights into the relationship between “Abitur”

shares and vocational wages. The even columns show that as for college wages, there

is evidence of a negative relationship between “Abitur” shares and the wages received

by those holding a vocational training degree exclusively. This may seem surprising at

first glance, particularly in light of the results by Carneiro and Lee (2011) who find

17While a decline in average ability would call for improved matching mechanisms of children and
young adults to the available educational tracks, a deterioration of the quality of upper secondary and
university education could rather be counteracted, e.g., by raising the personnel and financial resources
of these educational institutions.

18Figures C.6 and C.7 plot the evolution of real public expenditures for upper secondary schools (per
graduate) by year and federal state, whereas figures C.8 and C.9 do the same for public expenditures
for universities (per first-year student).
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practically no effects of college shares on the wages received by those holding “only”

a high school degree. Table 4.1, in contrast, provides tentative evidence of negative

spillover effects of higher “Abitur” shares on sorting into vocational training. There

are at least two alternative explanations for the existence of such effects: First, higher

“Abitur” shares necessarily imply that relatively more young persons have the additional

alternative to pursue a university degree instead of completing vocational training. As

a result, the selection of applicants for vocational training may become somewhat less

advantageous if the “marginal” college participants would have been among the top

candidates for vocational training. Second, even if higher“Abitur”shares do not translate

into correspondingly higher university shares, upper secondary schools may not prepare

prospective vocational training participants as well for their careers as middle or lower

secondary schools since the former are more academically oriented, whereas the latter

two rather target vocationally inclined children and consequently convey somewhat more

practical skills (Biewen and Tapalaga, 2017; Cockrill and Scott, 1997).

Similar to the case of college wages where only one specification excluding the GDR still

reports a statistically significant estimate, the relationship between “Abitur” odds ratios

and vocational wages is only significant when including the GDR as the region of educa-

tion. However, the direction of the effect remains unchanged across the vast majority of

specifications, and the coefficient estimates further remain similar in magnitude, ranging

from about -0.6 to -0.3 when including the GDR and from roughly -0.4 to approximately

zero when looking at West Germany only. Another interesting conclusion from table 4.1

concerns the way in which the coefficients in the equations for college and vocational

wages relate to one another when the same set of controls is included: The detrimental

impact of higher “Abitur” shares is always estimated to be considerably larger for college

wages, implying that sorting into higher education has been more strongly affected than

sorting into the medium-skilled group in terms of average ability.

Summing up, the results presented in table 4.1 lead to the following conclusions. First,

they suggest that the expansion of upper secondary education has been accompanied

by declining college wages – potentially caused by a less favourable selection of college

graduates in terms of average ability –, with potential spillover effects on those holding

a vocational training degree. Second, the detrimental effect of educational expansion is

larger for college than for vocational wages. Completing the circle to what motivated the
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current research question in the first place, the next subsection explores the consequences

of these observations for the college premium and its evolution over time.

4.6.2 Counterfactual college premia

As discussed above, it appears that educational expansion has affected both selection

into tertiary education and into vocational training within educational groups, but that

the effect on college wages was considerably larger. This implies that the college premium

might have evolved differently in the absence of educational expansion. To illustrate this,

it is interesting to consider a simple counterfactual thought experiment asking how the

college premium would have evolved if“Abitur”shares were held fixed at the level of some

base year b (see Carneiro and Lee, 2011). Remaining in the setting that measures average

wages within cells, the experiment is based on the notion that the college premium in

some year t can be obtained by aggregating across cells:

CPt =
A∑

a=1

R∑

r=1

E∑

e=1

ωc
atref

c
t (a, r, e)−

A∑

a=1

R∑

r=1

E∑

e=1

ωv
atref

v
t (a, r, e) (4.5)

where ωc
atre and ωv

atre denote average log college and vocational wages, respectively, and

f c
t (a, r, e) and f v

t (a, r, e) denote the proportion of individuals in cell (a, r, e) for each

skill type and year, which are used as weights for the aggregation. The college premium

is then defined as the difference between aggregated average log college and vocational

wages in the same year.

A “quality-adjusted” version of this college premium can be obtained by predicting av-

erage wages ωk
atre based on a version of equation (4.4):

ωk
atre = γk

atr + γk
ae + γk

te + γk
re + ϕk(Pt−a,e) + λk(P k

M,atre, P
k
M,atrr) ,

that, however, does not use the factual “Abitur” shares of each cohort t− a from region

e observed in year t. Instead, the shares are counterfactually held fixed at their level

of a chosen base period b, meaning that the factual shares observed for someone from

age group a in year t are replaced by those of age group a some years earlier (which

were lower due to the observeed expansion in upper secondary schooling). This yields a

college premium that would have been implied in year t if “Abitur” shares had stopped
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Figure 4.6 – Aggregated college premium using factual and counterfactual average wages
(Source: NEPS-SC6-ADIAB, own calculations)

increasing in period b, i.e., if educational expansion had come to a halt at this point

b:

CP
Q
t =

A∑

a=1

R∑

r=1

E∑

e=1

ω
c,b
atref

c
t (a, r, e)−

A∑

a=1

R∑

r=1

E∑

e=1

ω
v,b
atref

v
t (a, r, e) , (4.6)

with ω
k,b
atre denoting counterfactual wages for skill group k that would have resulted from

the “Abitur” shares of year b, keeping everything else (skill prices etc.) at its factual

level in year t. As also noted by Carneiro and Lee (2011), this counterfactual premium

is not purged of selection, but rather the amount of selection into tertiary education and

vocational training is held fixed at how it was in the chosen base period.

Since this thought experiment is based on the model in equation (4.4), it is only valid

if the latter fits the data sufficiently well. As implied by the high R-squares in table

4.1 – amounting from about 90 to 93% for the vast majority of specifications –, figure

C.5 in appendix C shows that the aggregated college premium based on predicted cell

averages moves closely together with the factual premium observed in the data (obtained

as the simple log difference between average college and vocational wages). In light of

the differences between the specifications including and excluding the GDR and East

Germany, respectively, the factual and counterfactual premia are computed and plotted

against one another for both cases, where the counterfactuals are based on the estimates

from the first and second columns (specifications (1/2a) and (1/2c), respectively). Both

panels of figure 4.6 show that – according to the estimated model – the college premium
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would have been higher over the years if “Abitur” shares had remained at their level

from around the millennium, where the discrepancy between factual and counterfactual

premia is especially striking when including East Germany (see figure 4.6a). Even the

somewhat more conservative estimates that are based exclusively on West Germany

result in a counterfactual premium that is up to 10 percentage points higher than the

factually observed one (see figure 4.6b). This is a sizeable effect whose magnitude should

– however – be treated with caution given the limited number of observations.

4.7 Conclusion

The goal of this study was to explore whether the secular changes in educational at-

tainment observed in Germany led to a changing composition particularly of university

educated individuals in terms of their average ability. Using a combination of high-

quality administrative wage data and rich survey data, the analysis exploits variation in

educational shares between the regions where individuals went to secondary school in

order to separate the wage effects of supply (which have already been studied in other

contributions) from those of changes in quality (which have hitherto been neglected in

the literature). The main findings can be summarised as follows.

First, the results suggest a negative relationship between college wages and the share of

a cohort holding a university entry certificate. This is in line with the hypothesis that

educational expansion is linked to a decline in the average ability of college graduates.

While the estimated effects are economically meaningful, they are not always statist-

ically significant, most likely due to the limited sample size. The latter also requires

one to take the magnitude of the estimated effects with a grain of salt. Second, the

analysis points to the existence of spillover effects on the medium-skilled group hold-

ing a vocational training degree, whose wages also tend to decline with higher shares

of persons holding a university entry certificate. This can potentially be explained by a

changing pool of applicants for vocational training as rising shares of young persons have

the additional alternative to pursue a university degree. Third, selection effects appear

to be larger for college than for vocational wages, meaning that the college premium

would have been higher in absence of educational expansion. While these effects have

reduced between-group inequality, it is likely that they explain part of the increased

heterogeneity within groups found by other studies (see section 4.2). The findings of the
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current study are consistent with evidence from the US documenting a detrimental im-

pact of educational expansion on the average ability of the highly skilled. Furthermore,

they offer new insights on the inter-cohort differences in skill premia found in Germany

by previous contributions that have hypothesised about, but not further explored the

existence of quality effects.

The analysis also raises some questions that constitute interesting avenues for future re-

search. First, the estimated quality effects can be understood as “gross effects”which are

the sum of differences in “ex-ante quality”and changes in the quality of education due to

educational expansion. Disentangling the two effects would be vital since the policy im-

plications crucially differ depending on their individual importance. However, this would

require detailed data on the financial and personnel means of educational institutions

over time and between regions. Another issue left open by this study is to what extent

educational expansion is related to dropout risk at universities. It seems likely that a de-

cline in ability would – all else equal – lead to higher dropout rates (see also figure C.3),

which may have long-lasting effects in terms of income and, hence, inequality (Zühlke

et al., 2022). However, relating ability to dropout risk is challenging not least because

grades may not be comparable over time or even between educational institutions (see

Müller-Benedict and Gaens, 2020, for recent evidence on “grade inflation”). Isolating

the effects of changing selection on dropout rates would substantially complement the

results of the current study, which has thus far neglected this dimension.
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Appendix C

C.1 Imputation of right-censored wages

As noted in section 4.5, wages in the SIAB are right-censored in the sense that employers

only report them up to the social security contributions ceiling. Thus, denoting by wit

the true wage received by individual i in year t and letting ct be the contributions ceiling,

the observed wage is

wobs
i =







wit if wit < ct

ct if wit ≥ ct.

Wages amounting to at least 98 % of the contributions ceiling are therefore imputed

based on Gartner (2005), who proposes to use a series of Tobit models estimated separ-

ately for each year and for East and West Germany, respectively. In the given applica-

tion, the Tobit models include six categories of age, six categories of education, as well

as their interactions. Since the expected values from the Tobit models suffer from overly

high correlation with the covariates, the daily wages above the contributions ceiling are

obtained by drawing from a truncated normal distribution, the lower limit of which is

given by the respective contributions ceiling in year t.
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C.2 Additional tables

Region Federal states

1 Schleswig-Holstein (SH), Lower Saxony (NIE)

2 (West-)Berlin (BE), Hamburg (HH), Bremen (HB)

3 North Rhine-Westfalia (NRW), Hesse (HE)

4
Bavaria (BY), Baden-Wuerttemberg (BW),
Saarland (SL), Rhineland-Palatinate (RPF)

5
Saxony (SN), Saxony-Anhalt (SA), Thuringia (TH),

Brandenburg (BB), Mecklenburg-Western Pomerania (MV)

6 (only as region of education) Former GDR

Table C.1 – Aggregation of federal states to regions of work and education
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Mean Std. dev. Min. Max.

Conditioning on ≥ 5 observations per cell (N = 576)

Average log college wages 5.247 0.331 4.263 6.071
Number of college observations per cell 31.368 45.961 5 249
Cohort “Abitur” share 0.173 0.074 0.038 0.355
Age group (a): 25-29 0.078 0.269 0 1
Age group (a): 30-34 0.144 0.351 0 1
Age group (a): 35-39 0.155 0.362 0 1
Age group (a): 40-44 0.148 0.350 0 1
Age group (a): 45-49 0.148 0.350 0 1
Age group (a): 50-54 0.142 0.349 0 1
Age group (a): 55-59 0.120 0.325 0 1
Age group (a): 60-64 0.066 0.248 0 1
Region of work (r): SH+NIE 0.170 0.376 0 1
Region of work (r): BE+HB+HH 0.248 0.432 0 1
Region of work (r): NRW+HE 0.238 0.426 0 1
Region of work (r): BY+BW+RPF+SL 0.247 0.431 0 1
Region of work (r): SN+SA+BB+MV+TH 0.097 0.297 0 1
Region of education (e): SH+NIE 0.212 0.409 0 1
Region of education (e): BE+HB+HH 0.099 0.299 0 1
Region of education (e): NRW+HE 0.243 0.429 0 1
Region of education (e): BY+BW+RPF+SL 0.165 0.371 0 1
Region of education (e): SN+SA+BB+MV+TH 0.063 0.242 0 1
Region of education (e): GDR 0.219 0.414 0 1
Years (t): 1999-2002 0.177 0.382 0 1
Years (t): 2003-2006 0.201 0.401 0 1
Years (t): 2007-2010 0.217 0.413 0 1
Years (t): 2011-2014 0.212 0.409 0 1
Years (t): 2015-2017 0.193 0.395 0 1
Migration rates 0.300 0.278 0.015 1
Staying rates 0.661 0.135 0.368 1

Conditioning on ≥ 10 observations per cell (N = 380)

Average log college wages 5.257 0.299 4.263 5.880
Number of college observations per cell 44.937 52.258 10 249
Cohort “Abitur” share 0.168 0.667 0.061 0.323
Age group (a): 25-29 0.05 0.218 0 1
Age group (a): 30-34 0.145 0.352 0 1
Age group (a): 35-39 0.161 0.368 0 1
Age group (a): 40-44 0.150 0.358 0 1
Age group (a): 45-49 0.163 0.370 0 1
Age group (a): 50-54 0.158 0.365 0 1
Age group (a): 55-59 0.121 0.327 0 1
Age group (a): 60-64 0.053 0.224 0 1
Region of work (r): SH+NIE 0.158 0.365 0 1
Region of work (r): BE+HB+HH 0.203 0.402 0 1
Region of work (r): NRW+HE 0.268 0.443 0 1
Region of work (r): BY+BW+RPF+SL 0.274 0.446 0 1
Region of work (r): SN+SA+BB+MV+TH 0.097 0.297 0 1
Region of education (e): SH+NIE 0.234 0.424 0 1
Region of education (e): BE+HB+HH 0.063 0.244 0 1
Region of education (e): NRW+HE 0.242 0.429 0 1
Region of education (e): BY+BW+RPF+SL 0.184 0.388 0 1
Region of education (e): SN+SA+BB+MV+TH 0.055 0.229 0 1
Region of education (e): GDR 0.091 0.416 0 1
Years (t): 1999-2002 0.176 0.176 0 1
Years (t): 2003-2006 0.205 0.205 0 1
Years (t): 2007-2010 0.221 0.416 0 1
Years (t): 2011-2014 0.232 0.422 0 1
Years (t): 2015-2017 0.166 0.372 0 1
Migration rates 0.373 0.287 0.024 1
Staying rates 0.662 0.137 0.368 1

Table C.2 – Composition of cells entering regression of college wages
Note: The reported sample means of the dummy variables relating to age groups a, regions of work r, regions of

education e, and periods t represent the fraction of cells belonging to each of these groups.
(Source: NEPS-SC6 ADIAB, own calculations)
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Mean Std. dev. Min. Max.

Conditioning on ≥ 5 observations per cell (N = 624)

Average log vocational wages 4.749 0.369 3.904 6.655
Number of vocational observations per cell 74.381 122.614 5 626
Cohort “Abitur” share 0.169 0.072 0.038 0.347
Age group (a): 25-29 0.088 0.283 0 1
Age group (a): 30-34 0.120 0.325 0 1
Age group (a): 35-39 0.133 0.340 0 1
Age group (a): 40-44 0.139 0.347 0 1
Age group (a): 45-49 0.144 0.352 0 1
Age group (a): 50-54 0.151 0.358 0 1
Age group (a): 55-59 0.146 0.353 0 1
Age group (a): 60-64 0.079 0.269 0 1
Region of work (r): SH+NIE 0.197 0.398 0 1
Region of work (r): BE+HB+HH 0.215 0.411 0 1
Region of work (r): NRW+HE 0.264 0.441 0 1
Region of work (r): BY+BW+RPF+SL 0.245 0.431 0 1
Region of work (r): SN+SA+BB+MV+TH 0.079 0.270 0 1
Region of education (e): SH+NIE 0.221 0.415 0 1
Region of education (e): BE+HB+HH 0.138 0.345 0 1
Region of education (e): NRW+HE 0.194 0.396 0 1
Region of education (e): BY+BW+RPF+SL 0.170 0.376 0 1
Region of education (e): SN+SA+BB+MV+TH 0.064 0.245 0 1
Region of education (e): GDR 0.213 0.410 0 1
Years (t): 1999-2002 0.191 0.393 0 1
Years (t): 2003-2006 0.208 0.406 0 1
Years (t): 2007-2010 0.215 0.411 0 1
Years (t): 2011-2014 0.206 0.405 0 1
Years (t): 2015-2017 0.179 0.384 0 1
Migration rates 0.299 0.273 0.004 0.971
Staying rates 0.782 0.100 0.588 0.971

Conditioning on ≥ 10 observations per cell (N = 498)

Average log vocational wages 4.740 0.343 4.210 6.517
Number of vocational observations per cell 91.493 131.880 10 626
Cohort “Abitur” share 0.164 0.070 0.039 0.346
Age group (a): 25-29 0.086 0.281 0 1
Age group (a): 30-34 0.120 0.326 0 1
Age group (a): 35-39 0.135 0.342 0 1
Age group (a): 40-44 0.143 0.350 0 1
Age group (a): 45-49 0.153 0.360 0 1
Age group (a): 50-54 0.161 0.368 0 1
Age group (a): 55-59 0.129 0.335 0 1
Age group (a): 60-64 0.074 0.263 0 1
Region of work (r): SH+NIE 0.187 0.390 0 1
Region of work (r): BE+HB+HH 0.195 0.396 0 1
Region of work (r): NRW+HE 0.283 0.451 0 1
Region of work (r): BY+BW+RPF+SL 0.255 0.436 0 1
Region of work (r): SN+SA+BB+MV+TH 0.080 0.272 0 1
Region of education (e): SH+NIE 0.239 0.427 0 1
Region of education (e): BE+HB+HH 0.090 0.287 0 1
Region of education (e): NRW+HE 0.187 0.390 0 1
Region of education (e): BY+BW+RPF+SL 0.163 0.369 0 1
Region of education (e): SN+SA+BB+MV+TH 0.080 0.272 0 1
Region of education (e): GDR 0.241 0.428 0 1
Years (t): 1999-2002 0.189 0.392 0 1
Years (t): 2003-2006 0.205 0.404 0 1
Years (t): 2007-2010 0.217 0.413 0 1
Years (t): 2011-2014 0. 217 0.413 0 1
Years (t): 2015-2017 0.173 0.378 0 1
Migration rates 0.349 0.350 0.010 0.971
Staying rates 0.780 0.098 0.588 0.971

Table C.3 – Composition of cells entering regression of vocational wages
Note: The reported sample means of the dummy variables relating to age groups a, regions of work r, regions of

education e, and periods t represent the fraction of cells belonging to each of these groups.
(Source: NEPS-SC6 ADIAB, own calculations)
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(1) (2) (3) (4) (5) (6)
ln(wagec) ln(wagec) ln(wagec) ln(wagec) ln(wagec) ln(wagec)

(a) Including r = East Germany

Odds ratio “Abitur” -0.588 -0.772 -0.681 -0.740 -0.967∗ -0.928
[0.497] [0.552] [0.722] [0.467] [0.552] [0.769]

School expenditures 0.005 -0.0002 0.008
[0.006] [0.013] [0.015]

University expenditures -0.004 -0.002 -0.002
[0.003] [0.003] [0.003]

R2 0.907 0.925 0.918 0.901 0.915 0.907
N 427 282 282 428 281 281

(b) Excluding r = East Germany

Odds ratio “Abitur” -0.586 -0.772 -0.681 -0.737 -0.967∗ -0.928
[0.457] [0.554] [0.711] [0.457] [0.544] [0.758]

School expenditures 0.004 -0.0002 0.008
[0.006] [0.012] [0.015]

University expenditures -0.004 -0.002 -0.002
[0.003] [0.003] [0.003]

R2 0.897 0.915 0.907 0.930 0.915 0.907
N 401 273 273 403 273 273

Min. cell size 5 10 10 5 10 10
a-t-r fixed effects YES YES YES YES YES YES
e-a fixed effects YES YES YES YES YES YES
e-r fixed effects YES YES NO YES YES NO
e-t fixed effects NO NO NO NO NO NO
Migration rates NO NO YES NO NO YES

Table C.4 – Regressions including upper secondary school / university expenditures
(Source: NEPS-SC6-ADIAB, own calculations)

Note: Regressions of average college wages within (a, t, r, e)-cells (age, year, region of work, region of education) on
“Abitur” odds ratio, public expenditures for upper secondary schools per graduate student (columns (1)-(3)) and for
universities per first-year student (columns (4)-(6)) given for cells defined by (t− a, e) (year–age, region of education).

Observations (i.e. cells) are weighted by the inverse sampling variance of log college wages within cells.
Heteroskedasticity-robust standard errors in parentheses.

∗: significant at 10 % level; ∗∗: significant at 5 % level; ∗∗∗: significant at 1 % level.
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C.3 Additional figures
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Figure C.1 – “Abitur” share by federal state
(Source: Statistical Yearbooks, Federal Statistical Office, own calculations)

Note: The “Abitur” share is computed as the number of persons graduating with a university entry certificate divided
by the size of the relevant age group (18-21 years of age) in the respective federal state.
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Figure C.2 – First-year student ratio by federal state
(Source: Statistical Yearbooks, Federal Statistical Office, own calculations)

Note: The first-year student ratio is computed as the number of first-year students divided by the size of the relevant
age group (18-21 years of age) in the respective federal state.
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Figure C.3 – University and FH dropout rates by year of enrolment
(Source: NEPS-SC6 v11, own calculations)
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(c) 1995

Figure C.4 – Shares of young persons graduating with “Abitur” in the 16 federal states
(Source: Statistical Yearbooks, Federal Statistical Office)
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Figure C.5 – Aggregated college premium using observed and predicted average wages
(Source: NEPS-SC6-ADIAB, own calculations)

Note: The predicted premia (dashed line) are based on specifications (1a) and (2a)
and (1c) and (2c) in table 4.1, respectively.
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Figure C.6 – Real expenditures for upper secondary schools by federal state
(Source: Statistical Yearbooks, Federal Statistical Office)

Note: Panel (c) shows data for West-Berlin only prior to 1992.

0
20

40
60

80
ex

pe
nd

itu
re

s 
fo

r u
pp

er
 s

ec
. s

ch
oo

ls
 p

er
 g

ra
du

at
e 

(in
 1

,0
00

 E
U

R
)

1965 1970 1975 1980 1985 1990 1995 2000 2005
year

(a) Baden-Wuerttemberg

0
20

40
60

80
ex

pe
nd

itu
re

s 
fo

r u
pp

er
 s

ec
. s

ch
oo

ls
 p

er
 g

ra
du

at
e 

(in
 1

,0
00

 E
U

R
)

1965 1970 1975 1980 1985 1990 1995 2000 2005
year

(b) Bavaria

0
20

40
60

80
ex

pe
nd

itu
re

s 
fo

r u
pp

er
 s

ec
. s

ch
oo

ls
 p

er
 g

ra
du

at
e 

(in
 1

,0
00

 E
U

R
)

1965 1970 1975 1980 1985 1990 1995 2000 2005
year

(c) Berlin

0
20

40
60

80
ex

pe
nd

itu
re

s 
fo

r u
pp

er
 s

ec
. s

ch
oo

ls
 p

er
 g

ra
du

at
e 

(in
 1

,0
00

 E
U

R
)

1965 1970 1975 1980 1985 1990 1995 2000 2005
year

(d) Bremen

0
20

40
60

80
ex

pe
nd

itu
re

s 
fo

r u
pp

er
 s

ec
. s

ch
oo

ls
 p

er
 g

ra
du

at
e 

(in
 1

,0
00

 E
U

R
)

1965 1970 1975 1980 1985 1990 1995 2000 2005
year

(e) Hamburg

0
20

40
60

80
ex

pe
nd

itu
re

s 
fo

r u
pp

er
 s

ec
. s

ch
oo

ls
 p

er
 g

ra
du

at
e 

(in
 1

,0
00

 E
U

R
)

1965 1970 1975 1980 1985 1990 1995 2000 2005
year

(f ) Hesse

0
20

40
60

80
ex

pe
nd

itu
re

s 
fo

r u
pp

er
 s

ec
. s

ch
oo

ls
 p

er
 g

ra
du

at
e 

(in
 1

,0
00

 E
U

R
)

1965 1970 1975 1980 1985 1990 1995 2000 2005
year

(g) North Rhine-Westfalia

0
20

40
60

80
ex

pe
nd

itu
re

s 
fo

r u
pp

er
 s

ec
. s

ch
oo

ls
 p

er
 g

ra
du

at
e 

(in
 1

,0
00

 E
U

R
)

1965 1970 1975 1980 1985 1990 1995 2000 2005
year

(h) Lower Saxony

0
20

40
60

80
ex

pe
nd

itu
re

s 
fo

r u
pp

er
 s

ec
. s

ch
oo

ls
 p

er
 g

ra
du

at
e 

(in
 1

,0
00

 E
U

R
)

1965 1970 1975 1980 1985 1990 1995 2000 2005
year

(i) Rhineland-Palatinate

0
20

40
60

80
ex

pe
nd

itu
re

s 
fo

r u
pp

er
 s

ec
. s

ch
oo

ls
 p

er
 g

ra
du

at
e 

(in
 1

,0
00

 E
U

R
)

1965 1970 1975 1980 1985 1990 1995 2000 2005
year

(j) Saarland

0
20

40
60

80
ex

pe
nd

itu
re

s 
fo

r u
pp

er
 s

ec
. s

ch
oo

ls
 p

er
 g

ra
du

at
e 

(in
 1

,0
00

 E
U

R
)

1965 1970 1975 1980 1985 1990 1995 2000 2005
year

(k) Schleswig-Holstein

Figure C.7 – Real expenditures per upper secondary school graduate by federal state
(Source: Statistical Yearbooks, Federal Statistical Office, own calculations)

Note: Panel (c) shows data for West-Berlin exclusively prior to 1992.
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Figure C.8 – Real expenditures for universities by federal state
(Source: Statistical Yearbooks, Federal Statistical Office)

Note: Panel (c) shows data for West-Berlin exclusively prior to 1992.
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Figure C.9 – Real expenditures for universities per first-year student by federal state
(Source: Statistical Yearbooks, Federal Statistical Office)

Note: Panel (c) shows data for West-Berlin only prior to 1992.
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Dissertation conclusion

Since the millennium, Germany’s economy – and the German labour market in particular

– has undergone major changes: Once denoted as the“sick man of Europe”, Germany saw

an unparalleled economic boom starting in the mid 2000s that was only interrupted by

the COVID-19 pandemic in 2020. Likewise, the first two decades of the 21st century were

characterised by a trend reversal in income inequality, which had been climbing steadily

since the reunification, but finally stagnated (or even slightly declined depending on the

precise income measure) after 2010. Motivated by these observations, this dissertation

aims to contribute to a better understanding of the link between documented trends in

inequality and secular trends on the German labour market.

Setting the scene for the subsequent studies, chapter 2 of this thesis presents a rigor-

ous decomposition analysis breaking down the observed distributional changes in net

equivalised household incomes between 2005/06 and 2015/16 into the contributions of

eight factors overall. We thereby focus in particular on the role played by the striking

expansion in employment over this period, which should (all else equal) have primarily

benefitted individuals at the bottom of the distribution, but has not translated into

a corresponding decline in the commonly used inequality indices. The results of our

analysis reconcile these seemingly contradictive observations, showing that the employ-

ment boom did have a significant equalising effect that was, however, masked by the

countervailing impact of other factors, most notably immigration (resulting in an in-

flow of tentatively low-income individuals) and improved household characteristics such

as educational attainment. While these have led to gains in disposable income across
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the entire distribution, their positive effect is highly non-uniform and becomes more

pronounced towards the top percentiles, thus contributing to an increase in inequality.

Our analysis further reveals that the gross effect of the employment boom would have

led to considerably larger gains at the bottom of the distribution, but was significantly

dampened by Germany’s tax and transfer system. If reducing inequality is a socially de-

sired target, this may seem somewhat sobering. On the bright side, however, our analysis

also demonstrates the effectiveness of the German redistributive system, which can con-

versely be expected to dampen inequality-increasing effects during recessions. In light of

the economic challenges currently faced by Germany – including rising unemployment

after more than a decade of a booming labour market –, this is a highly relevant and

encouraging result.

Although chapter 2 is not exclusively concerned with labour income, the main results

of the analysis are tightly connected to two of the most salient trends on the German

labour market: First, the rising employment levels driven in particular by increasing par-

ticipation rates of women; and second, the ongoing educational expansion (often denoted

as an “academisation”) of the German workforce. The remaining two chapters of this

dissertation investigate the evolution of two wage differentials related to these trends:

the gender wage gap (see chapter 3) and the college premium (see chapter 4).

Against the background of the substantial changes in labour market participation – po-

tentially altering the composition of the workforce –, chapter 3 reassesses the German

gender wage gap and its evolution from the recession (2000-2005) to the peak of the

employment boom (2012-2017), focussing in particular on sample selection. Selection on

unobservables is a widely known complication in the context of the gender wage gap,

causing biased measures of the gap if men and women are unequally affected by it. Al-

though the existing literature proposes a vast variety of alternative selectivity-corrected

measures, many of these ignore the potential for male selection bias and – most im-

portantly – they impose homogeneous selection on unobservables throughout the wage

distribution. Chapter 3, in contrast, explicitly allows for heterogeneous selection patterns

by exploiting the novel distribution regression framework established by Chernozhukov

et al. (2025). Our results indeed reveal substantial heterogeneities: For full-time men,

we find positive selection at the bottom – possibly related to Germany’s generous social

safety net –, whereas it is negative in the rest of the distribution. Full-time women, on
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the other hand, appear to be generally negatively selected, and increasingly so towards

the top. This may be driven by assortative matching, particularly in combination with

the German tax and transfer system in which the secondary earner typically faces high

marginal tax rates. The patterns of male and female selectivity explain a large part

of the wage differences between men and women, although they have somewhat con-

verged between 2000 and 2017: Whereas men have become less favourably selected over

the course of the employment boom, women’s negative selectivity has become slightly

weaker, likely due to changing social norms or improvements in public childcare. For

part-time employment, we find generally negative selectivity for men and a highly non-

uniform pattern for women, turning from negative in the lower half to highly positive in

the upper part. Analogous to the full-time case, these patterns somewhat converge over

time, contributing once more to a decline in the respective gender wage gap. All in all,

our analysis presents comprehensive evidence of the heterogeneity of both female and

male selection into employment, challenging the results obtained by previous studies

based on more restrictive analytical settings.

Chapter 4 finally turns the attention to the ongoing educational expansion (or

“academisation”) of the German workforce, which constitutes perhaps the most striking

trend on the labour market apart from the record employment levels. The continu-

ously rising tertiary education shares over the last decades have been accompanied by

significant differences in skill premia across cohorts, which has inspired discussions as

to whether these differences can be explained by a declining (academic) ability of the

highly educated. Showing this empirically is challenging since changes in educational

shares translate into changes in relative supplies, making it hard to disentangle quality

effects from supply effects. Exploiting the federal organisation of the German educa-

tion system, chapter 4 resolves the issue by exploiting regional variation in educational

shares, comparing the wages of highly educated persons who received their university

entry certificate (“Abitur”) in different German states, but who otherwise face the same

labour market conditions. The results of this analysis tend to imply decreasing college

wages with higher shares of persons formally qualified for tertiary education, suggesting

that educational expansion is linked to a decline in the average ability of the highly edu-

cated. The analysis further points to spillover effects of educational expansion on the

medium-skilled group, possibly explained by a smaller pool of applicants as more and

more individuals face the additional alternative to go to college. However, the adverse
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effects linked to the quality of a cohort are not as large as for the highly educated group,

such that – as illustrated by a simple counterfactual exercise – the college premium

would have been higher in absence of the observed educational expansion.

In conclusion, the contribution of this dissertation can be summarised as follows. From

a methodical perspective, chapters 2 and 3 underscore the importance of taking a distri-

butional standpoint in the analysis of income inequality. Notwithstanding the usefulness

of indices such as the Gini in providing a first picture of general inequality trends,

the informational value of these measures is often limited in the sense that it remains

obscure which parts of the distribution are responsible for the observed changes. For

instance, chapter 2 reveals that the apparent stagnation in disposable income inequality

(as measured by the Gini) hides important information such as the general, but non-

uniform relative growth of incomes across the entire distribution. Apart from this, our

analysis demonstrates that different developments affect different parts of the distri-

bution unequally, which may bear important implications for policymakers. Chapter 3

further shows that potential biases caused by selection on unobservables may also be

heterogeneous across the distribution, a possibility that has been widely ignored thus

far. Thanks to the aforementioned advances in the econometric literature on selection

(see Chernozhukov et al., 2025), the opportunity to explore such heterogeneities has

recently opened up to researchers. This dissertation is among the first contributions to

provide corresponding evidence. On a more general note, chapters 3 and 4 both point to

the importance of unobservables in measuring wage differentials such as the gender wage

gap or the college premium and their evolution over time. Another conclusion from this

dissertation is therefore that any analysis of observed trends in between-group inequal-

ities should be aware of potential changes in the composition of unobservables among

the groups considered, and apply suitable correction techniques if necessary.

Beside these methodical considerations, the individual chapters this thesis is based upon

are all concerned with topics that are as present as ever not only in academia, but also in

political and public discourse. As an example, the incessantly rising teritiary education

shares addressed in chapter 4 are controversially discussed in light of two simultan-

eous developments: the increasing skills shortage in vocational professions – intensified

by the pending retirement of the baby boomer generation (Deschermeier and Schäfer,

2024) –, and the revolutionary advances in Artificial Intelligence (AI) affecting predomin-
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antly routine cognitive tasks often executed by college graduates (Eloundou et al., 2024;

Green, 2024). Against this background, future cohorts may make different career choices

than the preceeding ones,1 perhaps leading to a turnaround in the observed educational

trends. This question as well as the extent to which AI will replace or complement skills

in the future – with corresponding effects on skill premia – will certainly continue to

be a concern both inside and outside of academia in the years to come. Likewise, the

issue of inequality or – more broadly speaking – social justice remains among the most

frequently recurring themes in public debates, no matter whether in the context of the

gender wage gap, the German pension system, or in debates surrounding unemployment

benefits (the so-called “Bürgergeld” in particular). Discussions of this nature often tend

to be emotionally charged since social justice is – as already mentioned in the introduc-

tion of this thesis – inherently connected to highly subjective normative values. For this

reason, a constructive public and political discourse on inequality would not be conceiv-

able without a profound empirical basis. A final (and crucial) goal of this dissertation is

therefore to contribute to further building this basis.

1Goller et al. (2025) present some first evidence on the changing occupational search behaviour
of high school graduates in Switzerland, which is characterised by a similar dual vocational training
system as Germany.
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