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Summary

This dissertation comprises three research papers, each addressing a specific aspect
of social mobility. The first paper documents intergenerational income mobility in
Austria, demonstrating that relative income mobility is high. Considering absolute
income mobility, approximately half of the children in the 1990 birth cohort attain
a higher income percentile rank than their fathers. Whether this translates into
higher earnings largely depends on economic growth, as reflected in real wages, and
as illustrated by several counterfactual scenarios. The second paper argues that
family income background also matters for the translation of children’s human capital
into earnings. It focuses on the role of tasks as drivers of economic persistence.
The results indicate that approximately 40% of economic persistence in Germany
are attributable to the influence of family background on children’s task level and
the corresponding economic returns. Focusing on the heterogeneous socio-economic
backgrounds of students at a Swiss university, the third paper provides causal evidence
for their response to peer exposure. The analysis reveals that a higher share of peers
with non-academic background positively impacts students’ income after graduation.
The effect is strongest on other students from non-academic background and works

through changes in graduates’ occupational choices and in their labor supply.
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Zusammenfassung

Die vorliegende Dissertation besteht aus drei Kapiteln, die je eine spezifische Frage zu
sozialer Mobilitdt in der DACH-Region behandeln. Das erste Kapitel dokumentiert
intergenerationelle Einkommensmobilitit in Osterreich und zeigt ein hohes Level an
relativer Einkommensmobilitdt. Ausserdem erreicht etwa die Halfte der Kinder in
der Geburtskohorte von 1990 ein héheres Einkommensperzentil als ihre Vater. In-
wiefern sich dies in einem hdheren absoluten Einkommen widerspiegelt, hangt stark
von wirtschaftlichem Wachstum ab, welches sich in den Realeinkommen widerspiegelt,
wie mehrere illustrative Beispielszenarien zeigen. Das zweite Kapitel argumentiert,
dass der 6konomische Hintergrund der Kinder auch eine Rolle fiir die Umwandlung
von Humankapital in Einkommen spielt. Die empirische Analyse konzentriert sich
hierbei auf eine aufgabenbasierte Betrachtungsweise von Berufen und die Rolle von
Arbeitsmirken. Die Ergebnisse demonstrieren, dass etwa 40% der Einkommensper-
sistenz in Deutschland dem Einfluss des Elternhauses auf die beruflichen Aufgaben
des Kindes und den daraus folgenden wirtschaftlichen Ertrédgen zugeordnet werden
kann. Das dritte Kapitel zeigt fiir die Schweiz, dass Studierende auf die soziale
Zusammensetzung ihrer Peergruppe reagieren. Das Einkommen von Studierenden
steigt, wenn sich der Anteil an Peers aus nicht-akademischen Elternhdusern erhoht.
Der Effekt wirkt hierbei am stirksten auf Studierende, die selbst aus einem nicht-
akademischen Elternhaus stammen und entsteht durch eine Anpassung der Beruf-

swahl und des Arbeitsangebots.
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Chapter 1

Introduction

"Poor kids, through no fault of their own, are less prepared by their
families, their schools, and their communities to develop their God-given
talents as fully as rich kids. For economic productivity and growth, our
country needs as much talent as we can find, and we certainly can’t afford

to waste it. "

Over the last decade, social mobility, or rather its lack, has been identified as key
challenge in many societies. Social mobility is still only broadly conceptualized, as
“upward or downward movement, between higher and lower social classes”.? In con-
trast, this dissertation distinguishes two distinct concepts within this definition. First,
the term income mobility encompasses relative income mobility and absolute income
mobility. Relative income mobility describes the association between a child’s posi-
tion in the income distribution and its parents’ income position. Absolute income
mobility refers to children’s absolute economic outcomes. Absolute mobility is mea-
sured by several indicators, such as the share of children who are better off than
their parents. Secondly, I address educational mobility as the outcomes of university
graduates from non-academic families.

Higher income mobility increases equal opportunities and improves the outcomes of
children from less advantaged backgrounds. These children can develop their full
potential, which increases productivity, improves the talent-job match in the labor
market, and strengthens innovation (Aghion et al., 2017). It is estimated that between
20% and 40% of aggregated GDP per capita growth in the United States between

Putnam (2016), 230.
2Barber (1957), 356, following the citation of Westoff et al. (1960), 376.



1960 and 2010 derived from an enhanced allocation of ability to occupation (Hsieh
et al., 2019). Thus, income mobility boosts economic growth in the long run.
Furthermore, there is a significant link between economic mobility and income in-
equality (Hassler et al., 2007; Corak, 2013; Durlauf et al., 2022). The Great-Gatsby
curve shows that countries with higher income inequality typically exhibit lower eco-
nomic mobility, and vice versa. Intuitively, climbing the income ladder becomes more
difficult if inequality pushes the steps further apart. This link is crucial, especially as
the global COVID-19 pandemic has increased inequality along several dimensions, in-
cluding income, wealth, and education. Consequently, further reductions in economic
mobility can be expected in the medium to long run (Hanspal et al., 2020; Blundell
et al., 2022). These findings emphasize the need for further research on income mo-
bility, in order to establish the level of income mobility and to identify the potential
barriers to and the drivers of upwards economic mobility.

Despite a growing body of research, the reliable evidence on income mobility remains
limited to a small set of countries. Additionally, there is a lack of causal evidence
for the mechanisms underlying upwards mobility, which is largely due to a lack of
identification possibilities. Consequently, income mobility is still widely misperceived,
affecting individuals preferences for public policies (Alesina et al., 2018). Therefore,
each of the papers comprising this cumulative dissertation addresses the challenge to
better understand social mobility.

This dissertation is a collection of three papers analyzing one specific aspect of social
mobility. The first paper documents intergenerational income mobility in Austria.
Using a decomposition approach, the second paper explores the role of education and
occupational autonomy as drivers of economic persistence in Germany. Focusing on
the heterogeneous socio-economic background of students at a Swiss university, the
third paper provides causal evidence for their responses to peer exposure. Thus, the
three papers are also connected by their geographical reach, with each focusing on a
DACH country.

Measuring income mobility is highly demanding in terms of the data. It requires
income observations over at least two generations and information on family linkages.
Previous research therefore focuses almost exclusively on the United States and Scan-
dinavian countries, where extensive administrative data sets were available early on.
More recently, however, access to high-quality data is increasing. The first chapter
Income Mobility in Austria adds to this development. It provides the first analysis of
income mobility in Austria based on administrative income data and family linkages
across two generations. The results imply that, on the aggregate level, relative income
mobility is high in Austria. Considering absolute mobility, I find that approximately
half of children reach a higher income percentile than their fathers. Whether this re-



sults in higher absolute earnings largely depends on economic growth. When relative
mobility is high, the children of high-income earners are more likely to end up in a
lower income position than their fathers. Therefore, higher growth in real wages is
required for these children to improve their absolute earnings compared to their fa-
thers. If Austria had experienced the same growth between 1990 and 2020 as between
1960 and 1990, absolute mobility in the 1990 birth cohort would almost be twice as
large. Thus, income mobility is closely related to overall economic developments.

In the theoretical literature on intergenerational income mobility, economic persis-
tence arises from the diverging financial resources that high- and low-income house-
holds can invest in their children’s human capital (e.g., Becker and Tomes, 1986;
Solon, 2004). Consequently, policy recommendations target education, as human
capital directly translates into earnings. The second paper, It’s not all about Edu-
cation. Intergenerational Income Mobility and Occupational Autonomy argues that
parent’s economic background also matters for the translation of human capital into
earnings. Hereby, it focuses on the role of children’s task level, which are measured by
the level of occupational autonomy. Stylized facts show that given equal education,
children from the top income quintile are more likely to reach a higher task level than
children from the bottom income quintile.

Using tasks to analyze drivers of economic persistence is novel in the literature on
income mobility. The results show that overall, approximately 40% of economic
persistence in Germany is attributable to the influence of family background on chil-
dren’s occupational autonomy and the corresponding economic returns. Across birth
cohorts, occupational autonomy is driven by patterns in economic returns: Children
with low-autonomy occupations are increasingly left behind. Looking at related mech-
anisms, the paper evaluates determinants of children’s occupational levels and how
these relate to their family income background. In doing so, it expands the analysis
to the transmission of task levels from fathers to children, labor market patterns, and
personality traits.

The third paper, Peer Effects and Social Mobility, analyzes peer effects at the Uni-
versity of St. Gallen (HSG). It explores whether students’ outcomes are affected by
the social composition of their peer groups and how this depends on students’ own
background. The data set combines HSG information with the Graduate Survey of
the Swiss Statistical Office. The results show that students’ income increases when
they are exposed to a higher share of students with low socio-economic status (SES).
This effect is highest on other low-SES students and functions through an adoption of
students’ occupational choices and their labor supply. Conversely, I find no evidence
in the sample that the outcomes of low-SES students suffer due to social alienation

at the university. This outcome is important because overall educational mobility in

3



Switzerland is low and a child’s probability of entering university strongly depends on
its family’s income background (Chuard and Grassi, 2020). Negative peer effects on
the outcomes of low-SES students would provide additional barriers to upward mo-
bility after university entrance. Here, I find that the income of all students benefits

from greater social diversity at the university.
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Chapter 2

Intergenerational Income
Mobility in Austria

Elisabeth Essbaumer

This paper documents intergenerational income mobility and the access to educa-
tion in Austria, using administrative data on the 1990 birth cohort and their parents.
Relative economic mobility in Austria is high, with a rank-rank slope (RRS) of 0.167.
The results indicate a geographic variation in economic mobility, forming an Austrian
Great Gatsby curve: Inequality is low in regions where income mobility is compara-
tively high, and vice versa. Children’s income background also affects their chances
of obtaining tertiary education. Overall, children from the top income quintile are
more than 3-times as likely to obtain a tertiary degree than children from the bot-
tom income quintile. Turning to absolute mobility, I find that approximately half
of children reach a higher income percentile rank than their fathers. Counterfactual
scenarios illustrate that the extent to which children improve their earning level com-
pared to their parents relates strongly to economic growth. The higher income share
(HIS) would be twice as high if real GDP had grown to the same extent during the
investigated children’s lifetime as it did between 1960 and 1990, assuming that this
growth is reflected in children’s real wages.

JEL classification: D31, J62, 124.



2.1 Introduction

As income inequality grows, there is an increasing public discourse on income mo-
bility. Equal opportunities for children relate to relative income mobility: To what
extent does a child’s economic position in the income distribution depends on its fam-
ily’s economic position? Thereby, relative mobility is distinct from absolute mobility,
which concerns children’s absolute outcomes and whether they are better off than
their parents. Consequently, absolute income mobility allows for a more straightfor-
ward normative interpretation than relative income mobility. Relative income mo-
bility implies that the children of higher-income earners end up in a lower income
percentile so that children from lower-income earners can improve their economic
position. Absolute mobility does not require that any children have to be worse off.
For most countries, the actual level of income mobility remains unknown. This is due
to challenging data requirements and leads to many misconceptions about income mo-
bility in public opinion. This in turn affects individuals’ preferences for public policies
(Alesina et al., 2018). Therefore, it is important to provide reliable information based
on representative data sets. This analysis adds to this goal.

The following paper characterizes relative and absolute economic mobility in Austria.
Hereby, it relies on administrative data of an entire Austrian birth cohort and their
parents. The analysis is threefold. The first part of the paper documents income
mobility at the aggregate level. Several measures of absolute mobility explore the
outcomes of children from low-income households and children’s chances to improve
their living standard compared to their parents. The rank-rank slope (RRS) is used
to characterize relative income mobility. Additionally, I explore heterogeneities in
income mobility on the regional level and provide evidence for an Austrian Great
Gatsby curve: When income inequality is high, then economic mobility is low, and
vice versa.

The second part of the paper highlights existing inequalities in education. I illus-
trate how children’s educational attainment depends on their father’s income posi-
tion. Hereby, I am particularly interested in children’s chances of obtaining tertiary
education which generates high economic returns.

The third part of the paper focuses on absolute mobility. Several counterfactual
scenarios are provided, illustrating the relation between absolute and relative mobility,
as well as income inequality and economic growth. As part of these scenarios, I also
derive the level of absolute mobility in Austria if the country experiences the same
level of relative mobility and income inequality as in the United States.

Overall, I find that Austria is characterized by a high level of relative economic

mobility. The RRS coefficient of 0.167 implies that on average, a 1-rank increase in
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the father’s income percentile rank is associated with a 0.167 increase in his child’s
income percentile rank. Thereby, relative mobility is higher than in Germany and
in the United States, which are characterized by RRS values of 0.242 and 0.342,
respectively (Kyzyma and Groh-Samberg, 2018; Chetty et al., 2014a). Conversely,
relative income mobility is moderately lower than in Switzerland (Chuard and Grassi,
2020).

Looking at absolute mobility measures, I find that children are mobile in the middle-
upper parts of the income distribution, and those children born to fathers at the
25" income percentile can expect to reach rank 42 in their own distribution. Over-
all, approximately 50% of children reach a higher income percentile rank than their
fathers. Yet, there is a persistence of poverty within the bottom income quintile.
Here, children face a comparatively high chance to remain in the bottom quintile as
adults themselves. Furthermore, income mobility is heterogeneous across Austrian
regions and there are several clusters of low- and high-mobility regions. The wedge
in economic outcomes between children from high- and low-income families is twice
as high in Weinviertel (Lower Austria) than in Ostliche Obersteiermark (Styria).
The second set of results relates children’s economic outcomes closely to their educa-
tion level. However, the access to education depends on children’s income background.
Children from the top income quintile are more than 3-times as likely to obtain a ter-
tiary degree than children from the bottom income quintile. Hereby, educational
inequality tends to increase from West to East Austria, with the notable exception of
Mittelburgenland. The access to tertiary education is important, as it is associated
with high economic returns. Having a tertiary degree increases children’s economic
position on average by 30.2 income ranks compared to general education. At age 30,
this translates into 45.8% higher monthly earnings.

The last set of results highlights that economic growth is crucial for absolute income
mobility. The counterfactual scenarios show that changes in income inequality and
relative mobility only produce small changes, as the effects diverge along the father
income distribution. If income inequality and relative mobility were the same in
Austria as in the United States, this would improve the position of children of high-
income earners. This pushes the higher income share (HIS) in the upper part of the
father income distribution. Conversely, absolute mobility declines for children from
the lower part of the distribution. At aggregate level, these changes largely offset
each other. Overall, higher inequality leads to a small increase of absolute income
mobility at the mean, and lower relative mobility to a decline.

In comparison, if real GDP had grown to the same extent during the investigated
children’s lifetime (1990-2020) as it did between 1960 and 1990, absolute mobility

would almost be twice as high. This assumes that economic growth translates into
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real wage growth. High relative mobility also implies that children from the upper
part of the income distribution move closer to the median rank. Growth in real wages
is required if these children should still be able to improve their earnings relative to
their parents. On the other hand, growth only accruing to a small number of children
does not largely affect absolute mobility. Therefore, equally distributed economic
growth is necessary to boost absolute mobility. This links income mobility to overall
economic trends.

The present analysis relates to three literature streams. First, it relates to the existing
research on relative income mobility. Corak (2006) originally establishes a relation
between existing income inequality and relative income mobility on the national level,
denoted as the Great Gatsby Curve. Influential work by Chetty et al. (2014a,b) trans-
fer this concept to the regional level. They show that US regions with comparatively
high income inequality are characterized by below-average mobility rates. The au-
thors also find that mobility rates in the US strongly correlate with social structures
such as family stability and social capital. Similar studies add regional evidence
for Ttaly (Acciari et al., 2019), Sweden (Heidrich, 2017), Australia (Deutscher and
Mazumder, 2020), and Switzerland (Chuard and Grassi, 2020).

The paper uses the rank-rank slope to characterize relative mobility. Several papers
highlighted the advantages of this measure compared to the intergenerational income
elasticity (IGE) (e.g. Dahl and DeLeire, 2008; Chetty et al., 2014a,b; Corak, 2017;
Bratberg et al., 2017). The RRS is less sensitive to attenuation bias, which derives
from proxying life-time income with a limited range of annual income observations
(Solon, 1992). Furthermore, the measure is less prone to life-cycle bias, which refers
to the life-cycle stage when children’s and parent’s income are measured (Haider and
Solon, 2006). Other than income levels, income ranks are stable over time. Nybom
and Stuhler (2017) show that the rank-based measure of intergenerational mobility
shows a superior bias performance once the children reach the age of 30, which is
when children’s income is observed in this analysis.

The paper also adds to recent research on absolute income mobility, measured by the
share of children who are better off than their parents (Chetty et al., 2017; Blanden
et al., 2019; Bonke et al., 2019; Manduca et al., 2020; Kennedy and Siminski, 2022;
Liss et al., 2023). Absolute mobility is declining in countries such as the United
States, the United Kingdom, Australia, and Germany. Chetty et al. (2017) provide
the methodology applied in the counterfactual scenarios and show that declining ab-
solute mobility in the United States relates to lower GDP growth, which is unequally
distributed among children. In more recent cohorts, Chetty et al. (2017) find that
approximately 50% of children earn more than their parents. This share is substan-
tially higher than in the United Kingdom (33% for the 1987 birth cohort, Blanden
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et al., 2019). For Germany, Bonke et al. (2019) show that the higher income share
fell from 90% in the 1962 birth cohort to 70% in the 1983 cohort. When only consid-
ering earnings, children from high-income families are less likely their outcomes than
children from the lower part of the income distribution. However, this changes once
asset income are taken into account.

Conversely, absolute mobility is increasing in Sweden, where more than 80% of chil-
dren are better-off than their parents. (Liss et al., 2023) show that when income
inequality is higher in the father generation, more GDP growth is required to keep
the level of absolute mobility. I add to the ongoing debate by adding a country for
cross-country comparisons and provide counterfactual scenarios to analyze drivers of
absolute income mobility.

Finally, the analysis relates to research on social mobility in Austria. Until now, no
income data on two generations has existed to comprehensively analyze intergener-
ational mobility in Austria. Consequently, previous studies focus on the transmis-
sion of educational attainment and educational inequality (e.g. Fessler and Schnee-
baum, 2012, Altzinger and Schneebaum, 2018). Alternatively, Altzinger and Schnet-
zer (2010) and Schnetzer and Altzinger (2013) rely on the 2005 and 2011 EU-SILC
surveys. Respondents were asked to classify their parents’ financial situation when
they, i.e., the respondents, were between 12 and 16 years of age. Based on this assess-
ment, the parent generation is divided into five income classes. As discussed by the
authors, this retrospective classification is subject to respondents’ highly subjective
memory. In contrast, this analysis benefits from a large data set provided by the
Austrian Statistical Office which includes earnings information on two generations.
This paper adds to existing research in two ways. First, it combines two strands of re-
search that are typically considered separately: relative income mobility and absolute
income mobility. This approach provides a more complete picture of income mobility
and highlights the relation between relative and absolute income mobility. Austria
has a comparatively high level of relative income mobility. Yet the overall economic
developments affecting real wage growth are decisive for whether children can im-
prove their living standards compared to their parents. Second, the paper closes an
important research gap on social mobility in Austria and offers a new data point for
cross-country comparisons on income mobility. Compared to previous studies, it pro-
vides an in-depth analysis on income mobility based on administrative data. Together
with Chuard and Grassi (2020) and Kyzyma and Groh-Samberg (2018), this paper
complements the rank-based analysis of German-speaking countries. The results in-
dicate that Austria experiences a higher level of relative mobility than Germany, and
children have a greater access to tertiary education than in Switzerland.

The analysis is structured as follows. Section 2.2 discusses the methodological ap-
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proach and Section 2.3 describes the data set. The results are presented in Section 2.4.
These include estimates for absolute and relative income mobility, and for regional
variation within Austria. I address educational inequality and provide counterfac-
tual scenarios for absolute mobility. This is followed by alternative specifications and

robustness checks in Section 2.5. Section 2.6 concludes the analysis.

2.2 Methodological Approach

The goal of this analysis is to document intergenerational income mobility in Aus-
tria. Consequently, the estimation strategy applies two types of measures: absolute
mobility measures and relative mobility measures.

Relative mobility evaluates the extent to which children’s economic outcomes depend
on their economic background. This is obtained from the rank-rank slope (RRS),
which also sets economic outcomes of children born to fathers in the top income
percentile relative to those of children born to fathers in the bottom income percentile.
Absolute mobility cares about absolute outcomes and whether children improve their
economic position compared to their parents. Therefore, absolute mobility measures
relate to children’s expected economic outcomes conditional on the income position
of their fathers. Hereby, the outcomes of children from low-income families are of
particular interest.

In this approach, I follow the influential work of Chetty et al. (2014a) and Chetty
et al. (2017) to ensure a high level of comparability between the obtained results for

Austria and those for other countries.

2.2.1 Absolute Economic Mobility

The level of absolute economic mobility, and, hence, expected absolute outcomes, are
investigated using three indices: (i) the income transition matrix and positional indi-

cators, (ii) absolute upwards mobility (AUM), and (iii) higher income shares (HIS).

Income Transition Matrix

The income transition matrix summarizes the probability that a child reaches a spe-
cific income quintile, given its father’s income quintile. Three indicators derive di-
rectly from the transition matrix, providing directional mobility measures which are
also used in a cross-country comparison. The P; ; indicator provides the probability
that children born to fathers in the bottom income quintile remain in the bottom
income quintile of their own generation. This is a measure for the transmission of

poverty across generations:
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P11 = Pr[R{ < 20|Rf < 20], (2.1)

where RY is the income percentile rank of child i and RI is the income percentile
rank of child i’s father. Analogously, the Ps s indicator documents intergenerational

privilege, that is, the probability that children remain in the top income quintile:

Ps 5 = Pr[RY > 80|RY > 80, (2.2)

The “American Dream” captures the idea that a child goes “from rags to riches” and
moves from the bottom income quintile to the top income quintile (Corak, 2010).

Here, this is defined as P 5 indicator:
P15 = Pr[RS > 80|RF < 20], (2.3)

Absolute Upwards Mobility (AUM)

The absolute upwards mobility (AUM) measure reports the expected economic po-
sition of children who are born to fathers at the 25" income percentile. This is the

mean rank in the lower half of the father income distribution:

RS; = E[RY|RF = 25]. (2.4)

Therefore, the AUM provides a summary measure for the outcomes of children from

less advantaged backgrounds. These are of particular interest for public policy makers.

Higher Income Share (HIS)

The higher income share (HIS) is used to describe to what extent children improve
their living standards compared to their parents. The HIS is defined by the share
of children earning more than their parents. Therefore, the HIS consists of three
elements: (i) the marginal income distribution in the children generation, (ii) the
marginal distribution in the father generation, and (iii) the joint distribution of father
and child ranks, i.e., the copula. For the children population, the HIS is then derived
by:

HIS = /1{QC(RC) > Q" (RM)}C(RY, R")6RCSR” (2.5)

Where QC(RC) are the average earnings in the R income percentile rank of the
children income distribution and QF (RF ) are the average earnings in the R'™ per-

centile rank of the father income distribution. The indicator function checks whether
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Q€ (R°) is weakly higher than Q¥ (R™) and the copula C(R®, RF") provides the prob-
ability that each pair of ranks (R, R") occurs.! The counterfactual scenarios in
Section 2.4.6 adjust the marginal income distribution and the copula, evaluating how
this affects the higher income share along the father income distribution and at the
aggregate level.

One limitation of this analysis is that it is not possible to observe children and fathers
at the same age range. This reduces the informative value of the HIS in cross-country
comparisons. However, it does not lose validity in the counterfactual scenarios where

the goal is to evaluate changes in the HIS value under different assumptions.

2.2.2 Relative Economic Mobility

Relative economic mobility is measured by the rank-rank slope (RRS). The RRS
coefficient is derived from regressing child #’s income rank RY on the father’s income

rank RI:

RY =y +mR{ +e, (2.6)

where €; captures factors which affect the economic position of children independent
from their parent’s economic position. The intercept 7o defines the economic position
children can expect when they are born to fathers at the bottom of the income
distribution. The estimated -1 provides the rank-rank slope. This is the primary
coefficient of interest and describes the relation between a child’s and and father’s
economic positions: The greater the RSS value, the stronger the transmission of
economic status within family dynasties. A RSS value of 1 implies that a child’s
economic position in life is entirely predetermined by its parents’ economic position.
In contrast, a RRS value close to zero indicates strong societal mobilization with little
continuance of economic status from parent to child.

Additionally, 1 %100 is the expected gap in economic outcomes between children born
at the top and bottom income percentile ranks. Thereby, relative mobility provides a
generational inequality measure: A higher RRS coefficient indicates a larger spread in
expected child ranks, and hence, a higher level of outcome inequality in the children
generation.

The rank-rank slope is used to describe geographic variation of economic mobility
within Austria. Hereby, I estimate regional RRS coefficients based on children’s
income ranks in the national income distribution, as regional income distributions

vary in Austria. The same applies to the AUM measure of absolute mobility, which is

IThis approach follows Sklar’s theorem, stating that any multivariate distribution can be
expressed by their marginal distributions and a copula (Sklar, 1959).
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also provided on the regional level. For instance, a child born to a low-income family
in Tyrol might reach the 40" percentile of the specific Tyrolian income distribution.
Yet, the economic implications can be very different from a comparable child reaching
the 40*® percentile of the Viennese income distribution. Therefore, using national
income ranks instead of regional ranks achieves a common reference frame for the

interpretation of estimated results.

2.2.3 Educational Inequality

A father’s income rank does not only affect his child’s economic position, but also his
or her level of education. This paper documents educational inequality and describes
the existing gap in the access to tertiary education between children from low-income
families and children from high-income families. I focus on tertiary degrees because
they relate to the highest average economic returns and thus enable upwards economic
mobility (see Section 2.4.5). Also, they require higher investments than other types of
education such as vocational education and training (VET). Thus, families’ financial
constraints are more decisive.

Consequently, the Q1 measure is defined as the probability that a child reaches ter-
tiary education when he is born to a father in the bottom income quintile, IE[YZC |Rf3 <
20]. A higher value indicates a higher level of absolute educational mobility. Anal-
ogously, the Q5 measure gives the probability when the child is born in the highest
income quintile, that is, IE[Yic|Rf) > 80]. The ratio Q5/Q1 relates the chances of rich

to poor children:

E[Y°|RE > 80)

O/ = Ry e|rr <20

(2.7)

This measure is used to characterize the level of educational inequality in Austria and

also to describe regional variation within the country.

2.3 Data

2.3.1 Data Sources

The data is provided by Statistik Austria, the Austrian Statistical Office. Statistik
Austria started systematically collecting data only in 2009, which restricts observable
income information and family linkages. Consequently, the analysis targets the 1990
birth cohort only, thereby restricting the sample size. However, focusing on a recent

birth cohort and current income information up to 2020 has one major advantage in
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terms of policy implications: The estimates provide insights into the current situation
in Austria.

More specifically, the analysis relies on Statistik Austria’s register-based employment
histories RBEH ("Registerbasierte Erwerbsverldufe"). The RBEH consolidate data
to construct individual employment biographies without gaps or overlaps. Thereby,
the RBEH draw data from the register census ("Registerzahlung"). In Austria, the
register census replaced the traditional census in 2006. Instead of surveying single
individuals or households, the register census assigns an identification number to every
individual and combines information from several administrative registers. These
include, among others, the Main Association of Austrian Social Security Institutions
(HVSV), Tax Data (BMF), and the National Education Attainment Register (BSR).
Family linkages are extracted primarily from health insurance information ("Mitver-
sichertendatei"). Children are co-insured with their parents, as long as they are
underage, or pursuing education, or training. In some cases, linkages are established
by the civil registry, for instance, with updates or changes that occurred after 2009.
Additional demographic variables are restricted to insurance-relevant information and
the BSR. These include age, gender, highest level of education, country of birth, and
place of residence. Supplementary variables contain individuals’ labor market status
and the industry in which they are employed. Specific occupations are not known.
Five types of educational attainment can be distinguished: general education, dual
training (apprenticeships), vocational educational and training (VET) schools ("Berufs-
bildende Mittlere Schule"), upper secondary education ("Berufsbildende und Allge-
meinbildende Hohere Schule"), and tertiary education ("Akademie, Kolleg, Univer-
sitat").

Income information is derived from tax data ("Lohnzetteldaten"). These provide
individuals’ average monthly gross income for each employment period. The gross
sample includes the labor income of children when they are between 25 and 30 years
old. For the parent generation, all available income information is collected from
2009 onward. To study intergenerational mobility, the rank-based in-come measure

is calculated on a subset of these income observations.

2.3.2 Main Sample Selection

The goal is to determine individuals’ long-term income position. Therefore, I abstract
from short term fluctuations and exclude individuals who are unemployed, on parental
leave, retired, on sick leave, in training, or who are not participating in the labor
market for other reasons.

The main analysis focuses on father-child pairs. Here, I do not have information

16



on family income, nor on the civil status of the parents. The labor market par-
ticipation and income of mothers is significantly lower than those of fathers in the
sample and I assume that the fathers’ income position is more indicative for a child’s
economic background. Fathers’ pre-dominant region of residence is also used to an-
alyze regional variation. Hereby, two geographical units are used: federal states and
regions. The definition of an Austrian region follows Eurostat’s ‘Nomenclature des
unités territoriales statstiques (NUTS)’. Each region represents municipalities as sub-
divisions of basic administrative units (NUTS-3 level). Further criteria are structural
and geographical characteristics (Statistik Austria, 2009). NUTS-3 regions contain
a larger number of municipalities with different residential areas and socio-economic
structures. The results are therefore less prone to selection bias due to residential seg-
regation. The robustness checks include alternative specifications based on mothers’
income and place of residence.

Children’s income data are collected for 2020, that is, when children turn 30. This is
the earliest age in which income ranks are stable. Their income ranks are calculated
relative to other children in the 1990 birth cohort. Therefore, children’s earnings
are used when they are likely to be affected by the Covid-19 pandemic, which is one
limitation of the analysis. However, this should affect children’s income levels to a
larger extent than their income ranks. Alternative income specifications are evaluated
as part of the robustness checks in Section 2.5.

I measure father income in the 2010-2013 period and remove fathers who are older
than 59 years in 2013 or do not have an active labor market status. Fathers are
ranked based on their income relative to other fathers with children in the 1990 birth

cohort. The resulting sample includes 46,400 father-child pairs.

2.3.3 Summary Statistics

Table A.6.6 provides descriptive statistics for children and fathers. The average father
is born in 1962 and reaches an age of 47.57 years. All children in the 1990 birth cohort
are 30 years old by the end of 2020.

The age gap between the two generations is reflected in their income. The average
monthly income is significantly higher for fathers and more dispersed, with 4,360
Euros compared to 2,642 Euros in the next generation. This is also illustrated by
the right and left panel in figure 2.1. For fathers and children, they show the mean
monthly income for each income percentile rank. There is no top-coding which is
noticeable in the difference in mean income between the top income percentile rank
and the next lower ranks.

Five dummy variables measure different levels of educational attainment. There is a
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Table 2.1: Descriptive summary statistics

Fathers Children

Age 47.570 30.000
(4.205) (0.000)
Monthly Gross Income 4,359.85 2,641.58
(10,228.56)  (1,789.28)
Log Monthly Gross Income 8.167 7.760
(0.581) (0.506)
General Education 0.116 0.091
(0.321) (0.288)
Dual Training 0.513 0.353
(Apprenticeships) (0.500) (0.478)
Vet School 0.136 0.108
(0.343) (0.310)
Upper Secondary Education 0.106 0.206
(0.308) (0.405)
Tertiary Education 0.105 0.237
(0.306) (0.425)
N 46,600 46,600

Note: This table shows sample means with standard deviations in parentheses. All income
is measured in constant 2020 Euros.

shift from vocational training to tertiary degrees between the two generations. The
share of children completing tertiary education is more than twice as large as that
share in the father generation. By comparison, dual training is declining. Every sec-
ond father completed an apprenticeship, but only 35% of their children. The sample
statistics also indicate that the share of individuals with a general education decreases
by 2.5 percentage points from the father generation to the children generation, with
a share of 11.6% and 9.1%, respectively.

Additional information on employment shares for Austrian industries are presented
in Table A.1.1, defined by the OENACE 2008 classification. Comparatively many
fathers are employed in the manufacturing industry (22.0%), the construction sector
(12.8%), and in transportation (11.3%). In the children generation, the manufacturing
industry is still important (18.3%), together with the wholesale and retail industry
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Figure 2.1: Father and child mean income by rank
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Note: The two panels show the mean income per month for each income rank for children
(left) and fathers (right). All income is in constant 2020 Euros. Note the difference in the
y-axis scaling.

(14.7%). In both generations, approximately 11% are employed in the public sector.

2.4 Results

2.4.1 Absolute Economic Mobility in Austria

Transition Probabilities

How likely is it that a child reaches a certain economic position in its adult life, given
its father’s income position? The income transition matrix in Table 2.2 provide an
answer to this question. The matrix summarizes the probability that a child reaches
a specific income quintile conditional on the income quintile of his or her father.

In Austria, children are mobile in the middle part of the income distribution. Those
who are born in the second- and third income quintiles exhibit similar probabilities of
staying or moving up to two income quintiles in every direction. In comparison, the
P 5 indicator, that is, the probability that a child moves from the bottom quintile to
the top quintile is 13.26%.

Economic persistence is higher at the bottom and at the top. At both ends of the
income distribution, children are relatively likely to remain in the same economic
position as their fathers. Hereby, the P55 measure equals 26.12%. Conversely, with
P11 = 27.95%, the staying probability is highest at the bottom income quintile, which
indicates a transmission of poverty across generations.

A more detailed income transition matrix based on deciles rather than quintiles is
provided in the Appendix Table A.2.3. It confirms that middle-class children, born

in deciles 4-6, face fairly even chances of moving along the income ladder. The
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probability of moving from the bottom 10% to the top 10% of incomes equals 6.06%.

Table 2.2: Income quintile transition matrix

Father Quintile
Bottom Second Third Fourth Top
Bottom | 27.95% | 21.77% | 19.20% | 16.27% | 14.37%
Second | 23.27% | 21.19% | 19.95% | 18.19% | 16.87%
Third | 19.41% | 20.34% | 20.42% | 20.17% | 19.75%
Fourth | 16.10% | 19.12% | 20.45% | 21.97% | 22.89%
Top | 13.26% | 17.58% | 19.98% | 23.40% | 26.12%

Children Quintile

Note: Each cell in this table shows the probability that a child reaches a specific income
quintile, conditional on its father’s quintile. The likelihood of ‘going from rags to riches’,
Py 5, is 13.26%. Contrary, with a probability of 27.95%, it is more than twice as likely that
a child born at the bottom quintile stays at the bottom quintile.

Absolute Upwards Mobility (AUM)

Absolute mobility cares about children’s absolute economic outcomes - here expressed
by the place in the income distribution. The AUM predicts the expected outcome
of poorer children who are born to fathers at the 25*® income percentile. Table 2.5
reports that these children reach on average the 46*® income percentile, which implies
a monthly salary of 2,451 Euros.

The expected economic outcomes of poor-born daughters are substantially below
poor-born sons’ outcomes. A daughter born to a father at the 25'® rank increases her

Table 2.3: Absolute upwards mobility (AUM)

Total Sample  Sons  Daughters

Absolute Upwards 46.405 54.437 34.678
Mobility (AUM)

N 46,400 26,957 19,443

Note: This table reports the level of absolute upwards mobility (AUM), that is, the expected
income rank of children born to fathers in the 252 income percentile. As adults, those reach
on average the 46.405'" income percentile rank.
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economic position by approximately 10 percentage points and ends-up at rank 35,
where she earns an average income of 2,200 Euros. A son born in the same economic
environment reaches rank 54 and is therefore entering the upper half of the children

income distribution.

Higher Income Share (HIS)

To improve children’s living standards compared to their parents is a central goal for
parents and policy makers alike. The higher income share (HIS) reflects this ambition
and documents the share of children earning weakly more than their fathers. Here,
the higher income share is 0.259. This reflects that children’s income is measured sig-
nificantly earlier in the life cycle than fathers’ income. Conversely, economic positions
have already stabilized. Therefore, in terms of economic positions, 51.3% of children
in the 1990 birth cohort reache a weakly higher income rank than their fathers do.
This is captured by the Higher Rank Share (HRS). The results are summarized in
Table 2.4.

Whether higher ranks translate into higher earnings once children reach the same age
as their fathers depends on the development of their real wages and therefore also on
the total economy. Changes in growth, inequality and relative economic mobility are
likely to affect this outcome, which is further evaluated in Section 2.4.6.

Also, there is a significant gender gap. Separate results for daughters and sons reveal
that sons are substantially more likely to reach a higher economic position than their
father in their own generation. Looking at the HIS values, 32.6% of sons earn more

than their fathers, compared to 16.6% of daughters.

2.4.2 Relative Economic Mobility in Austria

Figure 2.2 visualizes the relation between the father and the child income rank. Each
dot depicts the mean income rank of children for four percentile ranks in the father
income distribution. The higher a father’s economic position in Austria, the higher
the economic position his child can expect. The plot shows that the rank relation is
approximately linear, which justifies the use of the rank-rank slope to characterize
the level of relative economic mobility in Austria.

The estimated rank-rank slope (RRS) is 0.167, with a constant of 42.3. Table 2.5
summarizes the results. On average, a 1-rank increase in fathers’ income position is
therefore associated with a 0.167-rank increase in children’s economic position. The
RRS can also be interpreted as wedge between children born to fathers at the bottom

rank and at the top. Compared to their fathers, the gap between children’s outcomes
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Table 2.4: Absolute economic mobility

Higher Income Higher Rank N

Share Share

Total Sample 0.259*** 0.513*** 46,400
(0.002) (0.002)

Sons 0.326*** 0.618*** 26,957
(0.003) (0.003)

Daughters 0.166*** 0.368*** 19,443
(0.003) (0.004)

Note: *p < 0.10, **p < 0.05, ***p < 0.01. Standard errors in parentheses. This table reports
aggregate higher income shares (HIS) in the left column and higher rank shares (HRS) in
the right column. Overall, 51.3% of the 1990 birth cohort reach a weakly higher income
percentile rank than their fathers. This implies that at age 30, 25.9% of children earn at
least the same monthly income as their fathers at age 47.6.

closes and once they become adults, they are separated by 16.7 income ranks at the
mean.

How does the rank-rank slope translates into monetary units? At age 30, a child
born to a father in the first income percentile can expect to reach the 43" income
percentile of his generation, which then corresponds to a monthly income of 2,350
Euros at age 30. In comparison, children born to fathers in the top income percentile
reach approximately the 60*" income percentile, relating to a mean income of 2,761.18
Euros per month.? On an annual level, this gap corresponds to more than two
average monthly salaries in Austria. This rank gap will continue to exist, as children’s
economic positions remain stable over the life cycle. Therefore, children who are
separated by 16.7 income ranks at age 30 can expect to be separated by 16.7 income
ranks at age 55 as well. However, the monetary implications will change, as income
profiles spread further apart over time.

Furthermore, family income background is more important for daughters than it is
for sons. The higher RRS value indicates that their income position depends more
strongly on the income position of their fathers, with values of 0.208 and 0.157,
respectively.

For the total sample, the adjusted R? equals 0.027. Low values for R? are common

in this literature, insofar as they are reported.®. Thus, there is an observable and

2See table A.1.2 for the translation of income ranks into monthly income.
3For instance, Chuard and Grassi (2020) indicate a R2 = 0.02 for Switzerland, values for
Italy are around 0.06 (Acciari et al., 2019)
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Figure 2.2: Relation between income ranks
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Note: The figure plots children’s income percentile rank on their fathers’ income percentile
rank. FEach dot gives the mean rank for four father percentile ranks. The rank-rank sloe
(RRS) equals 0.167.

significant relation between the economic positions of fathers and children, but there
are also many other elements which are important for predicting a child’s economic

position.

2.4.3 Austria in International Comparison

How does economic mobility in Austria compare internationally? Below, I relate
the obtained estimates to existing results for other countries (Table 2.6). Compar-
ing Austria with the other two German-speaking DACH countries - Germany and
Switzerland - is hereby of particular interest.

Austria is more comparable to Switzerland than to Germany in terms of relative and
absolute economic mobility. The RRS value is slightly higher than in Switzerland
yet significantly lower than in Germany. This indicates that in Austria, children’s
economic outcomes are less dependent on their family income background than in
Germany. Also, the income position poor children can expect to attain is slightly
higher in Austria and very similar to the Swiss level. All three German-speaking
countries exhibit very similar P 5 probabilities.

However, Austria also has the most persistent poverty cycle in the DACH-region.

The probability of remaining in the bottom quintile in Austria is almost 7 percentage
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Table 2.5: Relative and absolute economic mobility

Total Sample Sons Daughters
Rank-Rank Slope 0.167*** 0.157*** 0.208***
(RRS) (0.005) (0.006) (0.007)
Constant 42.300%** 50.512*** 20.478***
(0.274) (0.332) (0.416)
Adj. R? 0.027 0.027 0.044
N 46,400 26,957 19,443

Note: Standard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. The RRS
coefficient shows that a 1-rank increase in the father’s economic position relates to a 0.167-
rank increase in child’s economic position at the mean.

points higher than in Germany. In contrast, dynastic persistence at the top is lower
than in Switzerland or Germany. The "stickiness" of Germany’s top-income position
is noticeable, not only compared to Austria and Switzerland, but also to other non-
German speaking countries.

For a further cross-country comparison, the four right-hand columns in Table 2.6 also
list characteristics for the United States, as well as for Sweden as representative of
Scandinavia, and for Italy as a Southern-European country. Only Sweden has a higher
share of children who improved their economic position from the bottom quintile to
the top quintile (Py5).

Otherwise, Austria clearly provides better chances for such improvement than the
United States. Nevertheless, poverty in Austria persists at a level comparable to
Italy (28.0% vs. 28.7%).

2.4.4 Regional Variation
Economic Mobility in Austrian Regions

Economic mobility varies noticeable within Austria. Figure 2.3 and 2.4 visualize
relative and absolute economic mobility on the regional level. For the rank-rank slope,
darker colors indicate a lower level of relative economic mobility (Figure 2.3). For
the AUM measure, darker colors imply a higher level of absolute economic mobility
(Figure 2.4).

Relative economic mobility is heterogeneous. In East Austria, there is a regional clus-

ter of low-mobility regions, including parts of Burgenland and Lower Austria. Overall,
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Table 2.6: Austria in international comparison

Austria  Switzerland Germany United States Sweden Italy

RRS 0.167 0.153 0.242 0.341 0.197 0.246
AUM 46.4 46 44.0 41.4 43.6 44

P 5 13.3% 12.9% 11.1% 7.5% 15.7% 9.9%
Py 28.0% 24.6% 21.1% 33.7% 26.3% 28.7%
P55 26.1% 30.5% 42.7% 36.5% 34.5%  35.6%

Note: Based on own calcultaions for Austria, Chuard and Grassi (2020) for Switzerland,
Kyzyma and Groh-Samberg (2018) for Germany, Chetty et al. (2014a) for the US, Heidrich
(2017) for Sweden, and Acciari et al. (2019) for Italy.

regional RRS coefficients vary between 0.089 in Ostliche Obersteiermark (Styria) and
0.208 in Weinviertel (Lower Austria). Therefore, the gap between children from the
bottom and the top of the national income distribution is more than twice as large
when children are born to fathers in the Ostliche Obersteiermark than when they are

born to fathers in Weinviertel.

Figure 2.3: Relative economic mobility on regional level

Rank-Rank Slope (RRS)

0.128 to 0.208
0.158 t0 0.138
0.135 10 0.157
0.038 0 0.134

no sufficient data

Note: The heat map shows relative mobility on regional level, measured by the rank-rank
slope (RRS). Darker shades imply higher regional RRS coefficients and thus, lower level of
relative economic mobility.

Absolute mobility reveals several regional clusters (Figure 2.4). Vienna and its neigh-
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Figure 2.4:

Absolute Upwards Mobility
40.376 to 53.700
47.152 to 4D.876
45.341 to 47.151
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no sufficient data

Absolute upwards mobility on regional level

Klagenfurt-Villach

Note: This heat map visualizes regional variation in the expected outcomes of poor children.
Darker shades imply higher regional values for absolute upwards mobility (AUM), indicating
a higher level of absolute economic mobility.

Figure 2.5:

Relative Economic Mobility (RRS)

Relative and absolute mobility on regional level

Salzburg urg Umgebung

[ ] fgroentu
@ Yiihielburgentand

@ Weinviertel

Vs N 1
Waldviertel

@ Linz-Wels

@ Auteriem

@ Steyr-Kirchdort

By Wald

@ Tirolagy FieganiPongau

Wiener il
w | e Rheintal-Bodenseeregion
- @Graz
OB e @ Vestichs rk
O U AT berland
@ Lfzor® Innsbruck
Innvierte!
[ ]
@ Sankt Polten
- @ est. ugg sudstefElviererEiseniurzen
-] Sidburgentand
@ Ostiiche Obersteiermark
[T}
S
: T T T T
40 45 50 55

Absolute Economic Mobility (AUM)

Note: This figure shows that regions with high absolute mobility (AUM) tend to have high
relative mobility (low RRS values) as well. The national averages for both mobility measures
are indicated by the crossed red lines.

boring regions form one cluster of comparatively low absolute mobility. Adjacent to

the East is a cluster of high-mobility regions. With an AUM value of 46.6, “Linz-
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Wels”, a comparatively weak region within this high-mobility cluster, but the region
also exhibits absolute mobility that is slightly above the national average. Bordering
Switzerland and Germany, Vorarlberg’s regions form a second high-AUM cluster. Vi-
enna, Pinzgau-Pongau, and Salzburg feature comparatively low levels of absolute up-
wards mobility, whereas “Rheintal-Bodenseeregion” in Vorarlberg features the highest:
There, a child born at rank 25 can expect to reach almost the 54" income percentile
rank.

High absolute mobility tends to go hand in hand with high relative mobility (i.e.,
low RRS coefficients). Figure 2.5 shows relative and absolute economic mobility at
the regional level. Higher AUM values on the horizontal axis indicate higher levels of
absolute economic mobility, whereas lower RRS values on the vertical axis indicate
higher relative mobility. The correlation coefficient for absolute and relative economic
mobility is significant and equals -0.369. The crossed red lines indicate national

averages for both mobility measures.

The Austrian Great-Gatsby Curve

Countries with high levels of income inequality tend to face low economic mobility.
This relation is called Great Gatsby Curve and for countries such as the United States,
Sweden, and Italy, it is also observed on a regional level (Chetty et al., 2014a; Heidrich,
2017; Acciari et al., 2019). Therefore, Figure 2.6 shows the relation between the
regional RRS coefficients Austria and the level of income inequality in 2019. Hereby,
income inequality is measured by Theil’s T. The Theil index is defined between zero
and oo, where higher values represent higher levels of inequality.

I find evidence for an Austrian Great Gatsby curve: It becomes more difficult to
climb the income ladder when inequality is high and thus, the steps of the ladder
are further apart. The blue line predicts an increasing linear relation, as higher RRS
values indicate lower relative economic mobility. The significant correlation coefficient
between inequality and (decreasing) relative mobility is 0.393 on the regional level.
Furthermore, Figure 2.7 illustrates how income inequality relates to absolute economic
mobility. The correlation is negative, with a significant correlation coefficient of -
0.486. In those Austrian regions where inequality is comparatively high, the expected
economic outcomes of poor children tend to be low. For instance, Vienna and its
neighboring regions (Wiener Umland / Stidteil, Wiener Umland / Nordteil) exhibit
the highest levels of income inequality, together with Salzburg und Umgebung. For

these regions, absolute upwards mobility (AUM) is below-average.

4Appendix A.3 aggregates results on federal state level.
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Figure 2.6:

The relation between income inequality and relative economic mobility

o~
Wien
~ ]
o - Pinzgau-Pongau ‘Salzburg und Umgebung
3
g Mostfete Exgenuurzeng vvg\awer\el Wiener Umland/Nord
<) Kiagenfurt-Vilach
a3 © Vieinvertel @ Ni@er@egriSasas@ic Wiener Umland/Stdteil
= nnucicl nterkamésgd.

. o 4 n
x
< Mahiviieyr-Kirchdort Taunviertel  Linz-Wels
I
@ tefugening
~
c Sdourgeniand Nordburgenland
g « okt Qheriand Autterfern

E Tiroler Unterland  Innsbruck

festliche Operd S
e X .
Oststeiermark  Liezen Graz
o~
. T T T T T T
18 2 22 .24 .26 .28

Income Inequality (Theil's T)
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Figure 2.7:

The relation between income inequality and absolute economic mobility
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Note: For Austria, higher levels of inequality are related to lower levels of absolute economic
mobility, indicated by lower AUM values. The correlation coefficient is significant at the 1%
level and equals -0.486. Income inequality is measured by the Theil’s T index, where higher

values imply more inequality.
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2.4.5 Educational Inequality in Austria
Economic Returns and the Access to Education

Education is seen as major pathway to increase income mobility, as children’s educa-
tion level closely relates to their economic outcomes. Tertiary degrees are associated
to the largest economic gains for children. Table 2.7 reports the results of Mincer-type
wage regressions where the dependent variables are children’s income percentile ranks
(left column) and their log income (right column). The coefficients show the average
returns linked to different education levels in Austria. General education serves as a
reference category.

In Austria, children holding tertiary degrees can expect to improve their income
position by 30.16 percentile ranks compared to children who have completed gen-
eral education. At age 30, this implies an earning advantage of 45.83%. Therefore,
returns to tertiary degrees are more than twice as high as returns to completed ap-
prenticeships, which produce an average increase of 13.46 ranks compared to general
education. In general, the mean returns to VET school and upper secondary degrees
are similar: 18.532 ranks and 20.043 ranks, respectively. Overall, a tertiary degree
provides a significant economic advantage and increases a child’s economic position,
thus enabling upward economic mobility.

Conversely, children’s access to education strongly depends on their economic back-
ground. Figure 2.8 shows the frequency of different education types in the chil-
dren generation conditional on the income ranks of their fathers. The panels include
general education (Hauptschule), apprenticeships, vocational education and train-
ing (VET) schools, upper secondary education (“Berufsbildende/ Allgemeinbildende
Hohere Schulen”), and tertiary degrees ("Kolleg, Akademie, Universitat").

Different types of education follow different patterns along the father income distri-
bution. General education is present in families in the lower segment of the income
distribution. Here, up to 21.5% of children obtain general education. This share
decreases markedly for higher income ranks. At the 98" income percentile, approxi-
mately 1% of children graduate with general education.

Apprenticeships are popular and predominant across large segments of the fathers’
income distribution. After the 60" income rank, the share of children who complete
vocational training starts to decline and tertiary degrees become more important.
VET schools exhibit a similar pattern but on a lower level (note the different scaling
of the vertical axes). There is a linear trend for upper secondary degrees with a higher
variation at both ends of the father income distribution. The middle-right panel of
Figure 2.8 shows a downward kink occurs around the 80" income percentile rank.

Starting with the 73'" percentile of the fathers’ income distribution, more children opt
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Table 2.7: Returns to education

Income Rank Income Level

Dual Training 13.460%** 0.209***
(Apprenticeship) (0.449) (0.008)
VET School 18.532%** 0.272%**

(0.545) (0.010)
Upper Secondary 20.043*** 0.281%**
Education (0.481) (0.009)
Tertiary Degrees 30.156*** 0.458***

(0.476) (0.009)
Adj. R? 0.151 0.182
N 46,025 46,025

Note: Standard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. This table
reports economic returns to education. Those are estimated in a Mincer-type OLS regression
where the dependent variables are children’s income percentile rank (left column) and their
monthly log income (right column). Hereby, the estimation controls for children’s gender.
Vocational education and training (VET) school is "Berufsbildende Mittlere Schule", upper
secondary education includes "allgemeinbildende und berufsbildende hohere Schulen", and
tertiary degrees "Kolleg, Akademie, Hochschule". The results imply that on average, having
a tertiary degree relates to a 30.156-rank increase in the child’s income position compared
to general education, the reference group. In monetary terms, this translates into a 45.8%
increase in the child’s monthly earnings.
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for tertiary education than for apprenticeships. The share of children with tertiary
education rises sharply in the upper half of the income distribution. This makes
tertiary education more accessible than in the neighboring Switzerland. Only with the
95" income percentile, a higher share of children attends the gymnasium instead of
vocational education and training (Chuard and Grassi, 2020), implying that the access
to the gymnasium strongly depends on the (high-)income position of the parents. This
indicates a higher access to tertiary education in Austria than in Switzerland.

To document the level of educational inequality in Austria, I relate the educational
chances of poor-born children to the chances of rich-born children. Hereby, the Q1
measure provides the probability that a child born to a father in the bottom income
quintile obtains a tertiary degree. For Austria, this equals 0.135. Conversely, the Q5
measure indicates the probability children from the top income quintile have tertiary
education, which is Q5 = 0.446. Therefore, the ratio between rich and poor children,
ie., Q5/Q1, is 0.446/0.135 = 3.304. This implies that a child born to a father in the
top income quintile is more than three times as likely to obtain a tertiary degree as a
child born in the bottom quintile. When a father has completed tertiary education,
his child very likely has, too, almost regardless of whether that father is positioned in
the bottom or in the top quintile: Children at the top are 1.3 times as likely as those
at the bottom to have tertiary education. This is the lowest wedge within subgroups
included in the analysis. Considering separate results for sons and for daughters, I
find that daughters from the top-income quintile are highly likely to obtain tertiary
education. In contrast, sons raised by fathers in the bottom quintile stand the lowest
chances in this respect. Table 2.8 summarizes the results.

Several studies address the transmission of education in migrant families in Austria
(e.g., Oberdabernig, 2017; Altzinger and Schneebaum, 2018). Therefore, I also present
reports for first- and second-generation migrants in the children generation.® The
results are reported in Table 2.8. Economically successful migrant families care about
their children’s education. Especially second-generation migrant children raised by
families in the top income quintile are very likely to earn a tertiary degree (54.6%).
Their chances are 10 percentage points above the sample average. The Q5/Q1 ratio is
high for this group, as second-generation migrant children are 41.5 percentage points
more likely to have tertiary education if they are born in the top income quintile
than if they are born in the bottom income quintile. Within bottom-quintile families,
chances between natives and migrants vary to a smaller extent, from 10.8% for first

generation migrants to 15% for native children.

5A child is defined as a first-generation migrant if it is born outside of Austria, and as a
second-generation migrant if at least one of its parents is reportedly born abroad.
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Figure 2.8: Relation between children’s education and fathers’ income ranks
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Note: The panels of this figure show the share of children with a given education type for
each percentile rank in the father’s income distribution. Hereby, vocational education and
training (VET) school is "Berufsbildende Mittlere Schule", upper secondary education in-
cludes "allgemeinbildende und berufsbildende héhere Schulen", and tertiary degrees "Kolleg,
Akademie, Hochschule". Not the different scaling of the vertical axes.
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Table 2.8: Absolute educational mobility

QL Q5 Q5/Ql

Total sample 0.135 0.446  3.304
Sons 0.093 0.353  3.796
Daughters 0.197 0.558  2.833
Tertiary degree father 0.510 0.673  1.320
No tertiary degree father 0.115 0375  3.261
Natives 0.150 0.442  2.947

First generation migrant 0.108 0.384  3.556
Second generation migrant 0.131 0.546  4.168

Note: This table shows the probabilities of children obtaining tertiary education when they
are born to a father at first income quintile (Q1) and at the fifth income quintile (Q5). The
ratio Q5/Q1 describes the level of educational inequality: Over the total sample, a child born
at the top income quintile is 3.304 times as likely as a child born at the bottom quintile.

Geographical Variation

Regional variation also exists in educational inequality. Figures 2.9 and 2.10 present
regional heat maps for the Q1 and Q5 measure. Darker shades indicate higher chances
that children from bottom- (Q1) and top (Q5) income families obtain tertiary educa-
tion. With the exception of Burgenland, the Q1 measure distinctively increases from
West to East. Yet, the magnitude of this variation is moderate. In large parts of
Austria, approximately 16% of poor children reach a tertiary degree, in Burgenland
the share is even 23.7%. Weinviertel is the only Austrian region where less than
10% of children of bottom quintile fathers obtain tertiary education. There, it seems
considerably more difficult for poor children to overcome disadvantages in terms of
family background than in the rest of Austria. More variation exists when considering
the share of rich children with tertiary education. The Q5 measure ranges from 30.9%
in “Bludenz-Bregenzer Wald” up to 60% in “Lungau” (Salzburg), compared to the
Austrian average of 44.6%.

The resulting Q5/Q1 measure is visualized in Figure 2.11. Driven by the geographi-
cal pattern of the Q1 measure, educational inequality tends to increase from West to
East. Yet, “Mittelburgenland” shows the lowest level of educational inequality among
all Austrian regions. There, a child born to a father in the top income quintile is 1.9
times as likely to obtain a tertiary degree as a child born in the bottom quintile. In

“Lungau”, the same child would be 3.8 times as likely to earn a tertiary degree. Ed-
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ucational mobility is also comparably high in “Ostlicher Obersteiermark” and ,West-
und Siidsteiermark®. In Vienna, Q5/Q1 = 3.246, which implies that in the capital,

educational inequality is slightly lower than the country’s average of 3.304.

Figure 2.9: Regional variation in the Q1 measure

Waldviertel

Q1 weasue
0158100237
0155100158
0155100158
oosst00.155

Note: This heat map illustrates regional variation in the Q1 measure. Darker shades indicate a
higher probability that children born to fathers in the bottom-income quintile obtain tertiary
education

Figure 2.10: Regional variation in the Q5 measure
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Note: This heat map visualizes regional variation in the Q5 measure. Darker shades indicate
a higher probability that children born to fathers in the top-income quintile obtain tertiary
education.
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Figure 2.11: Regional variation in educational inequality
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Note: This heat map visualizes regional variation in educational inequality. The darker the
shade, the higher the level of educational inequality, expressed by the Q5Q1 measure. This
indicates the chances of children from the top income quintile to obtain teritary education
relative to children from the bottom income quintile.
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Educational Inequality and Economic Mobility

Intuitively, one would expect high economic mobility to relate to high educational
mobility, and vice versa. However, country-level results suggest that this is not nec-
essarily the case. Chuard and Grassi (2020) show that Switzerland is characterized
by high income mobility, but by low educational mobility. In a similar line, Dodin
et al. (2021) find a stable relation between economic background and the proba-
bility of obtaining A-levels over time in Germany, despite a massive expansion of
higher education. Simultaneously, income mobility in Germany is falling (Kyzyma
and Groh-Samberg, 2018).

On regional level, I obtain mixed results. In regions where educational inequality is
high, the expected economic outcomes of poor children tend to be low. The significant
correlation coefficient between absolute upwards mobility (AUM) and educational
inequality (Q5Q1) equals -0.473, which is illustrated in Figure 2.12. However, I do
not find evidence for a significant relation between educational inequality and relative

economic mobility, measured by the regional rank-rank slopes.
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Figure 2.12: Educational inequality (Q5Q1) and absolute economic mobility (AUM)
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Note: This figure illustrates a negative relation between educational inequality (Q5Q1) and
absolute economic mobility (AUM). The correlation coefficient is significant on the 1% level
and equals -0.473. The red lines indicate country averages for the AUM and Q5Q1 measures.

2.4.6 'What drives Absolute Mobility? The Role of Growth,
Inequality, and Relative Economic Mobility

For policy makers, it is important to understand how developments in the overall
economy influence children’s chances of improving their living standards compared
to their parents. Below, I therefore provide illustrative counterfactual scenarios to
describe the effect of three global trends much discussed in the public policy debate:
GDP growth, higher income inequality, and declining relative income mobility.

I use the higher income share (HIS) as a measure of absolute economic mobility. The
HIS consists of three elements: the two marginal income distributions in the children
and father generations, and the joint distribution of income ranks, that is, the copula.
Therefore, economic changes affecting one of these elements also influence the level
of absolute mobility.

The counterfactual scenarios are illustrative. Therefore, they abstract (e.g.) from
the relation between relative income mobility and economic growth. In the long run,
relative income mobility increases economic growth, as it enables children from low-

income families to develop their full potential and thus contributes to productivity
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and innovation (Aghion et al., 2017). Nevertheless, the counterfactuals shed light on
the importance of economic growth for income mobility. So far, this has hardly found

its way into the public discourse on income mobility.

Figure 2.13: Changes in absolute mobility

Counterfactual GDP Growth

Counterfactual Father Income Inequality

N ??% - Sei.'
@, '.,‘ ° o

o % © e, © °
N 0 Case., o ®
5 ° © e w, 5 o
Geo o © T, 5o 8o
o ) e o L)
£ % o 13 &0
g A . 8 )
2y g, & £ g
5 5
£ g £ e
T o T L dnst-1)

~ B o, o o “ance

5 0, . ,~W_%
oo L
G )
° ST S, 005 ° Foad ,’e..-,....”'u.
0 20 80 100 0 20 0 80 100

40 60
Father Income Rank

o HIS Baseline e HIS Counterfactual GDP Growth

Counterfactual Children Income Inequality

40 6
Father Income Rank

o HIS Baseline e HIS Counterfactual Father Income Inequality

Counterfactual Copula

6 8
o 960
8

_ o e

3

)

6 8 1
;(%@b

Higher Income Share
o
H
®o
<
Higher Income Share

a
%

3¢
4

4

2
4
?

2

.
P o 0o
W%"acc”c%:;::&uw

80 100 0 20

0
0

0 20 40 60 40 60 80 100
Father Income Rank Father Income Rank

© HIS Baseline e HIS Counterfactual Children Income Inequality © HIS Baseline @ HIS Counterfactual Copula

Note: This figure illustrates how the counterfactual assumptions on economic growth, in-
equality, and the copula affect absolute mobility along the father income distribution. Hereby,
absolute mobility is measured by the higher income share (HIS) and each dot represents the

share of children earning more than their fathers at a specific income percentile rank.

The Role of GDP Growth

In the following, I assume that Austria experienced the same economic growth be-
tween 1990 and 2020 as it did between 1960 and 1990.° This was a period of high
economic growth, and real GDP increased by 114.8%. In comparison, real GDP grew
by 52.9% during the investigated children’s lifetime, which is less than half.

To obtain a counterfactual income distribution for the children generation, I multiply
the income in each income percentile by the ratio of total GDP growth in the 1960-
1990 period and the total GDP growth in the 1990-2020 period. This shifts the

children’s income distribution to the right. Consequently, average earnings increase

6Data on real GDP growth is provided by Wirtschaftskammer Osterreich (WKO) (2022).
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significantly from 2,631.61 Euros to 3,696.99 Euros.”

Higher GDP growth substantially increases absolute mobility. In this scenario, the
higher income share changes from 0.259 in the main results to 0.486. Thus, almost
half of all children in the 1990 birth cohort earn more than their fathers, even though
they are significantly younger when their earnings are measured.

The panels of Figure 2.13 show for each father income rank the share of children
earning more than their fathers. In general, it is easier for children from lower income
positions to outperform their parents, whereas the share drops towards zero for higher
percentile ranks. The upper left panel indicates how the HIS changes due to higher
GDP growth. The share of children earning more than their fathers decreases much
more slowly until the middle segment of the income distribution. At the beginning of
the 6'® income decile, approximately 60% of children outperform their fathers. Then,
the share declines linearly. Overall, higher GDP growth improves absolute mobility

along the entire income distribution.

An American Dream? A counterfactual scenario with US mobility

rates

The previous sections indicated that Austria experiences a comparatively high level of
relative economic mobility. Relative mobility is captured by the copula, which is the
joint distribution of children and father income ranks. In the following counterfactual,
I show how absolute mobility in Austria changes if the country would experience the
same level of relative economic mobility as in the United States. For this, I exchange
the Austrian copula with the US copula, leaving the marginal income distributions
unchanged.®

Economic opportunities are distributed more evenly in Austria than in the United
States. This is illustrated by the copulas’ heatmaps in Figure 2.14. A darker color
implies a higher probability density for the respective rank-rank constellation. The
left panel visualizes the estimated copula for Austria, the right panel represents the
US copula. In comparison, observed patterns are very distinct for the United States.
There is a higher probability density at bottom- and top-income pairs, as well as
along the diagonal, capturing the staying-probabilities. In Austria, probabilities for
observing different pairs of father and child ranks are distributed more evenly, except
at the very top.

When the US copula is applied to Austria, it becomes more difficult for poorer children

"Figure A.4.3 in the Appendix visualizes the counterfactual income distributions in all
scenarios. Table A.4.4 provides additional summary statistics.

8The US copula is provided by Chetty et al. (2017) on https://opportunityinsights.
org/.
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Figure 2.14: Copulas of Austria and the United States
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Note: This figure presents heatmaps of the copula functions. The left panel shows the 100x100
transition matrix for Austria, the right panel for the US. Darker colors indicate a higher
probability of observing a specific rank combination.

to outperform their fathers as adults, whereas the share increases for children in the
higher income ranks. This is illustrated by the lower right panel of Figure 2.13,
showing a counterclockwise rotation of the HIS curve.

The overall effect on absolute mobility is a small decrease. The HIS slightly declines
by 1.5 percentage points to a value of 0.237. In comparison, relative mobility reduces
by half, given RRS coefficients of 0.167 for Austria and 0.341 for the United States
(Chetty et al., 2017). This implies that the sensitivity of absolute mobility to changes

in relative mobility is comparatively low.

Inequality and Absolute Income Mobility

Within Austrian regions, higher income inequality relates to lower relative income
mobility. In the following, I evaluate whether this also applies to absolute economic
mobility at the aggregate level. Contrary to countries like the United States, income
inequality in Austria declined moderately over the last 20 years. Consequently, I
provide one counterfactual scenario in which children income is distributed as in
2003, the first year in which Austria participated in the EU-SILC survey. There,
gross income of young adults is slightly more dispersed than in the 1990 birth cohort.
The income shares in each percentile are calculated using additional information of

9 These income shares are then applied

the 2003 EU-SILC survey on gross income.
to the mean income in the children generation, providing a counterfactual income

distribution with a slightly higher level of income inequality. The copula and the

9Due to sample size, I use information on children in the age of 30-35.
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Table 2.9: Counterfactual outcomes for the higher income share (HIS)

Scenario HIS
Baseline Higher Income Share 0.259***
(0.028)
Higher GDP growth 0.486***
(0.031)
Higher inequality in children generation 0.253***
(0.022)
US level of relative mobility 0.237***
(0.023)
US level of inequality in children generation 0.271%**
(0.017)

Note: *(p < 0.05), % (p < 0.01), ***(p < 0.001). Standard errors in parentheses. This table
summarizes the outcomes of the counterfactual scenarios. Compared to the baseline value of
0.259, a higher GDP growth relates to a substantial increase in absolute mobility, measured
by the higher income share. Higher inequality or lower relative mobility affects the HIS value
to a smaller extent.

income distribution in the father generation remains unchanged.®

Higher inequality does not lead to large changes on the aggregate level of absolute
mobility, the HIS coefficient shifts from 0.259 to 0.253. The lower left panel of Figure
2.13 shows that the higher level of income inequality enables more children in the
upper part of the income distribution to earn more than their fathers, which is offset
by declining shares in the lower part of the income distribution.

However, the difference in income inequality between 2003 and 2020 is only of limited
magnitude. To illustrate how larger changes in income inequality in the children
generation affect absolute mobility, I provide an additional scenario where children
in Austria experience the same level of income inequality as in the United States.
Already at age 30, children’s income is substantially more dispersed in the United
States than in Austria. Analogously to the previous counterfactual, I scale the income
share in each children income percentile to the US level but keep the copula and the

marginal distribution of father income constant.!!

10See Appendix A.4 for further information on the counterfactual income distribution and
a corresponding density plot.

HT refer to the income shares of the 1984 birth cohort in the United States, which is
the most recent one included in Chetty et al. (2017). The data is publicly available on
https://opportunityinsights.org/.
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The observed patterns in absolute mobility resemble the 2003 scenario, but they
become more pronounced. The share of children earning more than their parents
drops substantially in the lower part of the income distribution. Approximately with
the 40" income percentile, the higher income shares start to rise. At the aggregate
level, this leads to an increase in absolute mobility by 1.2 percentage points.

Table 2.9 summarizes the results of the counterfactual scenarios. The counterfactual
scenarios demonstrate that even comparatively large changes in relative mobility or
inequality lead to only small effects on absolute mobility at the aggregate level, as
changes are ambiguous: Higher inequality benefits children from high-income families
but deteriorates absolute mobility for children at the bottom tail. Then, the net effect
depends on the density in each part of the income distribution. Here, the net effect
of high income inequality is positive.

This suggests that policymakers should focus not only on whether children earn more
than their parents, but also on which children. The same applies to the counterfactual
copula scenario, where, however, the aggregate HIS value slightly decreases compared
to the baseline scenario. In contrast, higher economic growth, in which all children
participate in the form of gains in real income, significantly increases absolute mobility
and substantially improves the higher income share along the entire distribution.
Following the argument of Manduca et al. (2020), in a country where relative income
mobility is high, the children of high-income earners are more likely to end up in
a lower income percentile rank than their fathers. Thus, more economic growth is

required to increase these children’s living standards compared to their parents.

2.5 Robustness Checks and Alternative Specifi-

cations

2.5.1 Intergenerational Income Elasticity

The main analysis uses the rank-based RRS coefficient as measure for relative eco-
nomic mobility. In comparison, the intergenerational income elasticity (IGE) is level
based. The IGE is estimated by regressing child #’s log income (logY;®) on the father’s
log income (logY;"), controlling for ages in linear and quadratic form. Consequently,

the IGE can be expressed as:

SD(logY:®)
SD(logY;F")’
where pcr is the Pearson correlation coefficient between children’s and fathers’ log
earnings. SD(logY;’) and SD(logY;®) are the standard deviation of father and child
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income, respectively. Therefore, the IGE coefficient does not only describe the associ-
ation between parent and child income, but also reflects changes in inequality across
generations.

Table A.5.5 shows IGE-based results for relative mobility. The IGE equals 0.101 for
the entire sample. The IGE value implies that a 1% increase in father income is
associated with a 0.101% increase in child income. As in the main results, the IGE
coefficient is higher for daughters than for sons (0.091 vs. 0.132).

Therefore, the IGE is smaller than the RRS coefficient in the main results. Typically,
the literature finds larger IGE coefficients. For instance, Kyzyma and Groh-Samberg
(2018) report an earning elasticity of 0.368 for Germany together with a RRS coeffi-
cient of 0.242. In Switzerland, corresponding values are 0.166 for the income elasticity
and 0.141 for the rank-rank slope (Chuard and Grassi, 2020).

Here, the sample is not optimal for a level-based analysis of intergenerational in-
come mobility. As discussed in the data section, children and fathers are not in
the same stage of their life cycle when income is observed. Children are compar-
atively young and consequently, their income is less dispersed than father income
(SD(logY®) < SD(logY{")), which decreases the IGE compared to the correlation
coefficient. Furthermore, income observations in the children generation are observ-
able for less than five years, which makes them prone to attenuation bias additional
to life cycle bias. This confirms the use of the rank-based RRS coefficient as measure

for relative economic mobility in the main analysis.

2.5.2 Results for Mother-Child Pairs

I expect that mothers’ earnings are less predictive for children’s economic outcomes
than fathers’ earnings. In Austria, female labor market participation has been sub-
stantially lower than male labor market participation, which also applies to the ob-
served parent generation. Therefore, their earnings are less reflective of the socio-
economic environment a child grew-up in. Their average monthly earnings are signif-
icantly lower than fathers’ earnings (2,383.16 Euros vs. 4,359.85 Euros).!? The share
of mothers with tertiary education is comparable to the share of fathers. Almost twice
as much have obtained general education and a substantially lower share of mothers
completed an apprenticeship (31.2% vs. 51.3% of fathers).

Table A.6.7 summarizes the results for the estimated rank-rank slope. As expected,

the association between children’s economic positions and their mothers’ economic

12Table 2.1 provides additional information on mother sample statistics. Analogous to
the main specification, I calculate a mother’s economic position relative to other mothers
with children in the 1990 birth cohort and use their average earnings between 2010 and 2013,
given that they participate in the labor market.
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position is weaker than in the main results. For the total mother-child sample, the
RRS value equals 0.067, compared to 0.167 in the father-child sample. Especially for
sons, mothers’ economic positions do not have much predictive power for their own
economic outcomes. A similar conclusion can be drawn from the income transition
matrices in the Appendix Table A.6.8. Children’s chances of reaching a specific
income quintile conditional on their mother’s income quintile appear to be quite
evenly distributed.

Next, I implement different lower income bounds on the mothers’ earnings. Table
A.6.9 summarizes the results, restricting the sample to mothers with a minimal income
of 500 Euros, 1,000 Euros, 2,000 Euros, and 3,000 Euros, respectively. The results are
very similar for the first and second specification, as well as for the third and fourth.
The rank-rank slope estimates remain largely unchanged for a lower bound of 500 or
1,000 Euros, whereas higher income bounds lead to similar coefficients converging to

the level of the main results.

2.5.3 Location Choice

The main specification relies on father-child pairs. Consequently, children are assigned
to the fathers’ place of living at the NUTS3-level. In the following, I test the sensitivity
of the results towards different specifications by implementing the mothers’ place of
living and the child’ own place of living in 2020 as alternative geographic assignments.
The results are summarized in Table A.7.10.

The coefficients are similar in size to those in the main specification when children
are assigned to their mothers’ location. Styria remains the federal state with the
highest RRS coeflicient, and Vienna remains the one with the highest. The magnitude
of Vienna’s RRS coefficient remains almost unchanged in all three specifications.
Otherwise, results vary more for children’s place of living. However, it seems less
likely that children’s current place of living reflects the region in which they grew-up

in - except perhaps for the capital.

2.5.4 Lower Income Bounds

Table A.8.11 provides results on the rank-rank slope for different lower income bounds
ranging from 500 Euros to 3,000 Euros. Overall, the RRS estimates are not sensitive
towards the implementation of lower bounds. The coefficient values show no sub-
stantial variation except when the lower bound is raised to 3,000 Euros on monthly
earnings, which is more than the mean income in the 39'" income percentile of the fa-
ther income distribution. Then, the RRS coefficient decreases from 0.167 to 0.139, as
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the sample excludes low-income fathers and their children. Thus, this income bound

would cover the transmission of low economic positions.

2.5.5 Life-cycle Bias and Attenuation Bias

Life-cycle bias arises when the observed income at a specific life-cycle state systemat-
ically deviates from lifetime income. In general, the level of current income is below
the life-time average when individuals are still very young adults. This particularly
applies to highly educated individuals with steep income profiles. In late adulthood,
the current income tends to exceed life-time income. Consequently, income levels
should be measured when individuals are in their prime age (Grawe, 2006; Haider
and Solon, 2006).

Nybom and Stuhler (2017) show that life-cycle bias is small in rank-based mobility
measures. Other than income levels, percentile ranks stabilize once children reach the
age of 30 (Chetty et al., 2014a). To check whether results are sensible for fathers’ age,
I adjust the observation years for parental income. Table A.9.12 shows the results.
The average father was 47.6 years old by the end of 2010, the first year of income
observation. Different specifications increase the mean age up to 56.6 years by the
end of 2019. Thus, their current income level exceeds their average life-time income.
Yet, the RRS coefficients remain comparatively stable, ranging between 0.168 and
0.174. The table also presents results on the intergenerational income elasticity. In
comparison, the magnitude of the IGE coefficient almost doubles in its magnitude
across the different specifications.

The second line in Table A.9.12 shows the RRS coefficient when father income is
measured over six years between 2010 and 2015. This refers to attenuation bias. This
bias derives from measurement errors in the income variables due to transitory income
shocks (Solon, 1992; Mazumder, 2005). Income is often observed for a restricted time-
period only, in which short-term fluctuations of income can occur. This bias leads
to a downwards estimate of intergenerational persistence, especially for level-based
mobility measures such as the intergenerational income elasticity. The bias diminishes
with increasing number of years that are used to calculate income averages, assuming
that transitory fluctuations are not serially correlated (Bjorklund and Jéntti, 1997).
Here, I work with income ranks. Nybom and Stuhler (2017) show that for the RRS
measure, the bias is small if there is measurement error either in the child rank or
in the father rank, and moderate if there are errors at both sides of the regression
equations. When increasing the number of observation years in the father generation,
neither the RRS nor the IGE show large changes.

Table A.9.13 presents results for children income. The available data is limited to
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observations in 2018 to 2020, when children are between 28 and 30 years old. Due
to life-cycle concerns, income in 2020 is used in the main specification, when children
reach the age of 30. Then, children’s income percentile ranks should be comparatively
stable. Expanding the number of observation years reduces children’s age below
the threshold of 30 years. The RRS coefficient slightly increases from 0.167 up to
0.172. Conversely, the IGE value decreases as children become younger, which hints
a downwards directed life-cycle bias. Note that in all specifications of father and
children income, the obtained rank-rank slope equals approximately 0.17 as in the

main results.

2.6 Conclusion

This paper uses administrative data on the entire 1990 birth cohort and their par-
ents to document relative and absolute income mobility in Austria. It also explores
regional differences and characterizes educational inequality. Furthermore, the anal-
ysis involves counterfactual scenarios to explore the role of economic growth, income
inequality, and relative mobility for children’s chances of improving their living stan-
dards compared to their parents.

In Austria, the level of relative mobility is comparatively high. The rank-rank slope
(RRS) equals 0.167 for father-child pairs, and children born at the 25" income per-
centile can expect to reach the 47" income percentile of their own generation. Com-
pared to Germany, Austria is characterized by higher relative mobility at the mean
and by lower persistence at the top of the income distribution.

However, the income transition matrix reveals poverty cycles. Children born in
the bottom income quintile are more likely to remain there as adults than in other
German-speaking countries (to a similar extent as in Italy). Also, there is substantial
geographical variation with several clusters of high- and low-mobility regions. On an
annual level, the gap in children’s economic outcomes between regions exhibiting the
highest and lowest relative mobility corresponds to more than one average monthly
salary in Austria. I also find evidence of an Austrian Great-Gatsby curve. At the
regional level, high income inequality correlates with low economic mobility, and vice
versa.

A father’s income position also relates to children’s chances of obtaining tertiary
education. On average, children from the top income quintile are more than 3-times
as likely to reach a tertiary degree than children from the bottom income quintile.
A geographical gradient is also evident, except for “Mittelburgenland”. In Austria,
educational inequality rises from West to East. This finding is important for the

transmission of economic status, as economic returns to tertiary education are large.
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Having a tertiary degree increases the average child’s position by 30.2 income ranks
compared to general education. At age 30, this translates into an increase of 45.8%
in monthly earnings.

One important result for policymakers is that high relative mobility does not au-
tomatically translate into a high share of children improving their living standard
compared to their parents. This finding is illustrated by a counterfactual scenario
that adopts relative mobility in Austria to the US level. The RRS coefficient is twice
as high in the United States than in Austria, indicating that relative mobility is sub-
stantially lower. When, however, the joint distribution of income and father ranks
is applied, absolute mobility decreases by only 2 percentage points. Similar applies
to changes in income inequality in the children generation, as a result of divergent
changes along the father’s income distribution: Lower relative mobility and higher
income inequality both deteriorate absolute mobility for children from lower-income
families. However, this effect is almost completely offset by increases in the higher
income shares for children from higher-income ranks.

In comparison, higher GDP growth, as reflected in equally distributed real wage
growth, benefits all children and significantly increases absolute mobility. For the
1990 birth cohort, absolute mobility would almost double if Austria had experienced
the same growth during the investigated children’s lifetime as it did between 1960 and
1990. Consequently, if policy makers want to enhance absolute mobility, they should
focus on real wages and on fostering GDP growth, while distributing this growth
equally along the distribution.

However, it is also necessary to keep in mind that absolute mobility is no measure
for equality of opportunities. In this respect, policymakers must reduce unequal
education access to maintain high relative economic mobility and to target poverty
cycles. Overall, Austria is a country with high innovative potential (Kletzan-Slamanig
et al., 2009). Its policymakers are therefore advised to ensure that the country does

not lose talents due to missing access to educational and economic opportunities.
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Appendix
A.1 Supplementary Descriptive Statistics

Table A.1.1: Employment shares

Industry Fathers Children | Industry Fathers  Children
Agriculture, forestry and fishing 0.005 0.003 Financial and insurance activities 0.034 0.026
(0.070)  (0.058) (0.182)  (0.160)
Mining and quarrying 0.005 0.002 Real estate activities 0.011 0.009
(0.069)  (0.041) (0.104)  (0.010)
Manufacturing 0.220 0.183 Professional, scientific and 0.029 0.074
(0.415)  (0.387) | technical activities (0.168)  (0.262)
Electricity, gas, steam and air 0.015 0.006 Administrative and support 0.059 0.059
conditioning supply (0.121)  (0.078) | service activities (0.235)  (0.236)
Water supply, sewerage, waste 0.010 0005 Public administration and defence, 0.111 (0.112)
management, remediation activities  (0.100)  (0.070) | compulsory social security (0.314)  (0.316)
Construction 0.128 0.080 Education 0.043 0.053
(0.334)  (0.271) (0.202)  (0.224)
Wholesale and retail trade, repair 0.108 0.147 Health and social services sector 0.036 0.084
of motor vehicles and motorcycles (0.310)  (0.354) (0.185)  (0.277)
Transportation and storage 0.113 0.047 Arts, entertainment and 0.010 0.012
(0.317)  (0.213) | recreation activities (0.099)  (0.108)
Accommodation and food 0.028 0.041 Other service activities 0.014 0.019
service activities (0.166)  (0.197) (0.119)  (0.138)
Information and communication 0.021 0.037 Activities of households as employers ~ 0.000 0.000
(0.145)  (0.188) (0.012)  (0.016)

Note: This table reports children’s employment shares in Austrian industries, following the
1-digit OENACE 2008 classification. Standard deviations in parentheses.
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Table A.1.2: Mean income by income percentile rank

Rank Child Income Father Income Rank Child Income Father Income
1 391.47 483.21 51 2,562.51 3,381.96
2 586.14 801.70 52 2,583.80 3,424.96
3 688.68 1,015.15 53 2,604.54 3,468.38
4 770.77 1,184.23 54 2,626.39 3,512.92
5 843.77 1,329.64 55 2,648.91 3,558.69
6 911.22 1,459.51 56 2,671.08 3,608.37
7 973.76 1,580.97 57 2,692.21 3,657.19
8 1,032.87 1,675.13 58 2,714.60 3,704.97
9 1,094.55 1,755.82 59 2,738.84 3,755.33
10 1,156.01 1,835.08 60 2,761.18 3,808.02
11 1,211.48 1,905.94 61 2,784.49 3,861.42
12 1,268.33 1,971.83 62 2,805.80 3,918.58
13 1,323.86 2,028.51 63 2,829.30 3,974.19
14 1,378.15 2,077.71 64 2,853.76 4,039.22
15 1,433.40 2,123.06 65 2,878.70 4,106.81
16 1,486.96 2,168.76 66 2,904.29 4,175.86
17 1,535.94 2,209.81 67 2,932.26 4,241.53
18 1,583.30 2,251.16 68 2,958.96 4,308.06
19 1,630.34 2,291.92 69 2,984.83 4,378.05
20 1,671.79 2,329.00 70 3,011.71 4,450.04
21 1,712.71 2,364.07 71 3,041.84 4,522.46
22 1,751.75 2,399.70 72 3,072.39 4,596.45
23 1,788.84 2,432.56 73 3,102.84 4,675.03
24 1,825.12 2,466.56 74 3,131.15 4,751.97
25 1,862.34 2,498.34 75 3,161.73 4,831.08
26 1897.90 2,532.84 76 3,194.09 4,912.20
27 1935.24 2,563.76 7 3,228.73 4,994.40
28 1969.24 2,595.25 78 3,266.76 5,079.82
29 2001.52 2,627.63 79 3,300.14 5,173.76
30 2033.29 2,658.13 80 3,337.91 5,267.50
31 2064.72 2,689.14 81 3,378.20 5,369.02
32 2096.02 2,720.51 82 3,421.13 5,481.65
33 2126.22 2,751.66 83 3,464.71 5,607.63
34 2153.38 2,780.18 84 3,505.67 5,737.42
35 2181.58 2,810.99 85 3,553.91 5,879.79
36 2205.84 2,840.99 86 3,601.44 6,022.48
37 2231.80 2,874.63 87 3,658.05 6,182.41
38 2258.39 2,906.56 88 3,717.75 6,383.10
39 2284.47 2,940.45 89 3,781.97 6,585.61
40 2306.57 2,973.88 90 3,848.85 6,814.45
41 2331.10 3,010.25 91 3,931.68 7,088.93
42 2354.31 3,045.64 92 4,015.66 7,393.23
43 2379.40 3,080.91 93 4,115.09 7,756.57
44 2402.04 3,116.79 94 4,235.71 8,168.15
45 2426.71 3,151.97 95 4,380.85 8,686.39
46 2,450.73 3,187.46 96 4,562.34 9,355.82
47 2,474.65 3,224.32 97 4,792.29 10,274.78
48 2,494.63 3,262.28 98 5,113.41 11,625.94
49 2,515.83 3,301.63 99 5,638.87 14,291.47
50 2,538.81 3,341.35 100 11,029.79 41,263.39

Note: This table gives the mean income in every percentile rank of the income distribution
of children and fathers, respectively. All amounts are measured in constant 2020 Euros.
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A.2 Income Decile Transition Matrix

Table A.2.3: Income Decile Transition Matrix
Fathers’ Decile
1. 2. 3. 4. 5. 6. 7. 8. 9. 10.
1. | 15.13% | 14.05% | 11.61% | 10.29% | 9.94% | 9.08% | 8.17% 7.64% 7.23% 6.48%
© 2. | 13.62% | 13.00% | 11.31% | 10.32% | 10.04% | 9.35% | 8.59% | 8.12% | 7.77% | 7.08%
= 3.12.33% | 11.99% | 11.01% | 10.35% | 10.16% | 9.65% | 9.05% | 8.67% | 8.36% | 7.76%
5 4.1 11.17% | 11.08% | 10.69% | 10.34% | 10.23% | 9.91% | 9.50% | 9.22% | 9.00% | 8.52%
o 5| 10.11% | 10.22% | 10.33% | 10.28% | 10.25% | 10.13% | 9.94% | 9.78% | 9.64% | 9.33%
§ 6. 9.14% | 9.40% | 9.93% | 10.15% | 10.20% | 10.30% | 10.34% | 10.33% | 10.31% | 10.20%
T 7| 82% | 862% | 9.49% | 9.97% | 10.09% | 10.39% | 10.69% | 10.85% | 10.96% | 11.13%
6 8. | 7.46% | 7.90% | 9.03% | 9.74% | 9.93% | 10.44% | 11.01% | 11.35% | 11.62% | 12.12%
9.1 6.73% | 7.22% | 8.56% | 9.46% | 9.72% | 10.43% | 11.27% | 11.82% | 12.26% | 13.16%
10. | 6.06% | 6.57% 8.05% | 9.12% 9.44% | 10.33% | 11.44% | 12.21% | 12.85% | 14.22%

Note: Analogous to table 2.2, this transition matrix shows the probability that a child reaches
a specific income decile conditional on the father’s income decile. For instance, the probability
is 15.15% that a child born to a father at the bottom decile remains at the bottom decile in

his own generation.

A.3 Regional Variation on Federal State Level

Figure A.3.1:

Note: This heat map shows absolute upwards mobility (AUM) for Austrian federal states.

Salzburg

Absolute upwards mobility (AUM) on federal level

The higher the value, the higher the level of absolute upwards mobility (AUM).
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Figure A.3.2: Relative mobility on federal level (RRS)

Note: This heat map visualizes relative mobility for Austrian federal states, measured by the

rank-rank slope (RRS). The higher the value, the lower the level of relative mobility.

A.4 Counterfactual Income Distributions

Table A.4.4: Mean children income in the counterfactual scenarios

Scenario Mean Income N

Baseline Higher Income Share 2.631.61 100
(1.324.77)

Higher GDP growth 3.696.99 100
(1.861.06)

Higher inequality in children generation 2.659.27 100
(2.188.78)

US level of inequality in children generation 2.641.58 100
(2.285.92)

Note: This table reports the mean of the counterfactual income distribution with standard
errors in parentheses. The income distribution does not change when the US copula is applied
and therefore, children’s mean income is not reported separately to the baseline scenario. The
calculation of the higher income shares is based on the mean income in each income percentile,
which implies a sample size of 100.
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Figure A.4.3: Children income distributions in the counterfactual scenarios

Counterfactual Children Income Inequality (AT 2003)

Counterfactual GDP Growth
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Note: Each panel visualizes the children income distribution in one of the counterfactual

scenarios.

A.5 The Intergenerational Income Elasticity (IGE)

Table A.5.5: The intergenerational income elasticity (IGE)

All children Sons Daughters
Rank-Rank-Slope 0.101*** 0.091*** 0.132***
(RRS) (0.004) (0.005) (0.007)
Age Controls Yes Yes Yes
N 47,790 26,957 19,443

Note: Standard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. This table
summarizes results for the intergenerational income elasticity (IGE). The coefficient implies
that on average, a 1% increase in father income relates to a 0.101% increase in his child’s
income. Hereby, I control for father age in linear and squared form. There is no variation in
children’s age.
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A.6 Results for Mother-Child Pairs

Table A.6.6: Descriptive summary statistics for mothers

Mothers
Age in 2010 45.787
(4.315)
Monthly Gross Income 2,383.164
(2,653.964)
Log Monthly Gross Income 7.576
(0.601)
General Education 0.221
(0.415)
Vocational Training 0.312
(0.463)
Lower Secondary Education 0.227
(0.419)
Upper Secondary Education 0.103
(0.304)
Tertiary Education 0.127
(0.333)
N 47,790

Note: This table shows sample means, with standard deviations in parentheses.

monthly gross earnings is measured in constant 2020 Euros.
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Table A.6.7: RRS results for mother-child pairs

All children Sons Daughters
Rank-Rank Slope 0.067*** 0.026*** 0.142***
(RRS) (0.005) (0.006) (0.007)
Constant 47.867*** 50.512*** 34.383***
(0.267) (0.332) (0.403)
N 47,790 27,379 20,411

Note: Standard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. This table shows
results for the rank-rank slope (RRS) based on mother-child pairs. For the total sample,
a l-percentile rank increase in the mother’s economic position is associated with a mean
increase of 0.067 percentile ranks in the child’s economic position.

Table A.6.8: Income quintile transition matrix for mothers and children

Mother Quintile
Bottom Second Third Fourth Top
Bottom | 21.85% | 21.34% | 21.19% | 18.82% | 16.76%
Second | 20.92% | 20.70% | 20.63% | 19.44% | 18.23%
Third | 20.00% | 20.03% | 20.04% | 20.04% | 19.85%
Fourth | 19.09% | 19.34% | 19.42% | 20.61% | 21.63%
Top | 18.14% | 18.59% | 18.73% | 21.09% | 23.53%

Children Quintile

Note: Each cell in this table shows the probability that a child reaches a specific income
quintile, conditional on the mother’s quintile.

Table A.6.9: Lower income bounds on mother income

no restr. 500 EUR 1,000 EUR 2,000 EUR 3,000 EUR
Rank-Rank Slope 0.067*** 0.067*** 0.076*** 0.138*** 0.142%**
(RRS) (0.005) (0.005) (0.006) (0.014) (0.041)
N 47,790 47,307 42,441 22,947 11,193

Note: Standard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. This table shows
estimates for the rank-rank slope (RRS) when different lower income bounds are applied to
mothers’ earnings.
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A.7 Alternative Location Choice

Table A.7.10: Alternative location assignments

Father N Mother N Child N

Burgenland 0.148*** 1.709 0.155*** 1.713 0.163*** 1.462
(0.024) (0.024) (0.026)

Lower Austria 0.165*** 9.772 0.158*** 9.759 0.164*** 8.823
(0.010) (0.010) (0.011)

Vienna 0.187*** 6.248 0.185*** 6.137 0.182*** 9.253
(0.011) (0.011) (0.009)

Carinthia 0.162*** 3.047 0.159*** 3.051 0.157*** 2.683
(0.019) (0.019) (0.020)

Styria 0.129*** 6.685 0.132%** 6.716 0.121*** 6.876
(0.013) (0.013) (0.012)

Upper Austria 0.158*** 8.801 0.154*** 8.805 0.176*** 8.481
(0.011) (0.011) (0.012)

Salzburg 0.182*** 2.857 0.178*** 2.849 0.192*** 2.830
(0.029) (0.019) (0.019)

Tyrol 0.140*** 3.871 0.133*** 3.873 0.136*** 3.939
(0.017) (0.017) (0.016)

Vorarlberg 0.162*** 1.812 0.164*** 1.799 0.205*** 1.765
(0.026) (0.026) (0.026)

Note: *p < 0.10, **p < 0.05, ***p < 0.01. This table presents results on the rank-rank slope
for Austrian federal states for alternative location assignments. The first two columns show
the RRS coeflicients and sample sizes of the main specification where children are assigned to
their fathers’ regions. Alternatively, children are assigned to their mothers’ regions. The last
two columns provide results when children’s own place of living is applied as geographical
unit.
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A.8 The Implementation of Lower Income Bounds

Table A.8.11: Lower income bounds on father income

no restr. 500 EUR 1,000 EUR 2,000 EUR 3,000 EUR
Rank-Rank Slope 0.167*** 0.167*** 0.170*** 0.162*** 0.139***
(RRS) (0.005) (0.005) (0.006) (0.006) (0.010)
N 46,600 46,213 45,479 41,657 28,664

Note: Standard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. This table shows
estimates for the rank-rank slope (RRS) when different lower income bounds are applied to
fathers’ earnings.
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A.9 Attenuation Bias and Life-Cycle Bias

Table A.9.12: Sample selection rules for father income

Observed Income Period RRS IGE N

2010-2013 0.167*** 0.106*** 46,400

(Baseline) (0.005) (0.004)

2010-2015 0.171*** 0.104*** 46,802
(0.005) (0.004)

2011-2014 0.170*** 0.106*** 45,791
(0.005) (0.004)

2012-2015 0.168*** 0.106*** 45,056
(0.005) (0.004)

2013-2016 0.166*** 0.106*** 44,378
(0.005) (0.004)

2014-2017 0.168*** 0.110*** 43,488
(0.005) (0.004)

2015-2018 0.170*** 0.114*** 42,550
(0.005) (0.004)

2016-2019 0.174*** 0.119*** 41,456
(0.005) (0.005)

Note: Standard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. This table show
RRS and IGE results when different sample selection rules are applied to father earnings.
The second line shows results when the number of observed income year is increased to six
years.
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Table A.9.13: Sample selection rules for children income

Observed Income Period RRS IGE N

2020 0.167*** 0.106™*** 46,400

(Baseline) (0.005) (0.004)

2019-2020 0.170*** 0.095*** 52,456
(0.005) (0.004)

2018-2020 0.172%** 0.095*** 52,456
(0.005) (0.004)

Note: Standard errors in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01. This table show
RRS and IGE results when different sample selection rules are applied to children earnings.
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Chapter 3

It’s not all about Education.
Income Mobility and

Occupational Autonomy

Elisabeth Essbaumer !

This paper explores the role of education and occupational autonomy as pathway
channels of economic persistence in Germany. Hereby, economic persistence is mea-
sured by the rank-rank slope (RRS) and occupations are ranked according to their
task structure. Using a decomposition approach, the analysis focuses on the influ-
ence of families’ income position on children’s education and occupational level, and
the corresponding economic returns to these characteristics. The results suggest that
approximately 40% of the level of economic persistence is attributable to the occupa-
tional autonomy pathway. When looking at time trends, I find that the occupational
autonomy pathway is driven by patterns of economic returns, linking economic mo-
bility closer to the labor market policies. Also, there is evidence for a transmission of

low task levels across generations, contributing to intergenerational poverty cycles.

JEL classification: 124, 126, J24, J62.

11 thank Christian Keuschnigg, Patrick Emmenegger, and seminar participants at the
University of St. Gallen for helpful discussions and comments.
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3.1 Introduction

Efforts to understand what drives income mobility have largely focused on education.
According to economic theory, financial constraints prevent low-income households
from optimally investing in the education of their children (Becker and Tomes, 1979,
1986; Solon, 2004). As education translates into earnings, children from low-income
households earn less than children from high-income households and thus, income
persistence arises. Consequently, public policies focus on overcoming this financial
disadvantage by reducing the costs of education, for example, through subsidies and
scholarships. However, high-income households also improve their children’s eco-
nomic outcomes in other ways, for instance, by providing social capital, networks and
knowledge to get their children access to high-paid jobs (e.g., Rivera, 2016). This
implies that a children’s socio-economic background also matters for the translation
of human capital into their economic outcomes.

Consequently, this paper explores how the influence of family background on children’s
occupational level and their corresponding economic returns contribute to economic
persistence in Germany. It shows that a family’s income position influences children’s
task level beyond education. Therefore, I distinguish between children’s education and
their task level: Children apply their education to perform different tasks in exchange
for earnings. This distinction is important, because with equal education, children
from high-income families are more likely to perform a job with a higher task-level,
which translates into higher economic returns.

In the following, children’s task level is expressed by the level of occupational auton-
omy, a novel variable in the literature on income mobility. Occupational autonomy
groups children according to their responsibilities and task structure. This measure
allows grouping and categorizing children performing different occupations.

The empirical analysis uses a decomposition approach to evaluate which part of eco-
nomic persistence can be attributed to the education pathway, and which part to the
occupational autonomy pathway. It measures the level of intergenerational persis-
tence using the rank-rank slope (RRS), which describes the relation between a child’s
income rank and that of its family. The RRS value is decomposed into two parts. One
part derives from the direct influence of parental background on children’s economic
position, while the other part is mitigated by education and occupational autonomy.
The latter part relates to how economic background influences children’s education
and occupational level, and to how these translate into economic returns.

The decomposition relates to the theoretical framework of Solon (2004) where an
altruistic household faces a trade-off between its own consumption and investing in

its child’s human capital. The optimal investment depends on the child’s earnings
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returns, which partly derive from inherent abilities. Further, investments increase
with parental income: High income always invest more in their children. Exist-
ing credit constraints further amplify this linkage. Therefore, persistence derives (i)
from parental investments which increase in income, and (ii) from the corresponding
economic return on these investments. Both arguments are captured by the decom-
position analysis. However, here I assume that they additionally invest in children’s

task level, e.g., by providing job networks and social capital.

Based on the Socio-Economic Panel (SEOP), I find that occupational autonomy is
an important driver of economic persistence in Germany. The results indicate that
approximately 40% of the RRS coefficient are attributable to task-based occupational
patterns, and additional 20% to education. The explanatory power of the decompo-
sition is higher with daughters than with sons. For daughters, 72.5% of the RRS
coefficient relate to the two channels. Observed time trends across birth cohorts sug-
gests that (i) economic persistence is rising for more recent birth cohorts, and (ii) the
importance of education and occupational autonomy is increasing. For occupational
autonomy, the attributable share of the RRS coefficient increases from 27.6% up to
49.4%. The share of the education pathway more than doubles across cohorts (from
10% to 23.9%). Understanding how family income affects children’s occupational
outcomes is also important because intragenerational occupational mobility is low.
This implies that at age 45, children are very likely to being working at the same
task level as at age 32, although the specific job might have changed. For instance,
the probability of remaining in a low-autonomy occupation is 62%, a percentage that

even rises to 76.26% with high-autonomy occupations.

This study explores several mechanisms for how family background impacts children’s
occupational level. I evaluate the direct transmission of task levels from fathers to
children. Taking their education and other characteristics into account, children tend
to follow their fathers in low-autonomy occupations. This mechanism contributes to
low-income persistence, especially as economic returns to low-autonomy occupations
are declining across birth cohorts. Similar applies to medium-level occupations. Chil-
dren are significantly more likely to work in a medium task level when their father
already have a medium autonomy level. Also, I find that working part-time and
past unemployment episodes contribute to the task downgrading which is observed
in the occupational mobility matrix. Furthermore, there are gender-specific patters.
The higher the income rank, the more likely are daughters to work in medium-level
occupations. In comparison, sons born to high income families tend to work in high-
autonomy occupations with high economic returns. Finally, I examine psychological
factors and find that certain personality traits (e.g., risk tolerance) increase in family

income and positively correlate with high-autonomy occupations. Conversely, chil-
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dren become less anxious, which is associated with low-autonomy occupations.
Thereby, this paper adds to existing research in three ways. First, it applies a task-
based approach to children’s occupational structure, thus contributing a novel mea-
sure to the literature on intergenerational income mobility. The results indicate that
the level of occupational autonomy has significant explanatory power for the existing
level of economic persistence. Second, it provides a new data point for analyzing
the channels transmitting economic persistence across countries. Germany is a par-
ticularly interesting case to study how occupational patterns contribute to economic
persistence. The country boasts a widely recognized vocational education and training
(VET) system, and it is possible to reach high levels of occupational autonomy also
without academic degrees. Germany thus differs from countries such as the United
States, where persistence is largely driven by educational inequality. And third, the
results address a new policy field. The results on the occupational autonomy pathway
indicate that policy makers should not only focus on education, but also on the labor
market. In this respect, it is especially important to consider the transfer of human
capital into occupational levels when children enter the labor market.

The paper is structured as follows. Section 3.2 reviews the relevant literature. Section
3.4 outlines the empirical strategy for measuring intergenerational persistence and
the decomposition. Section 3.3 describes the data used while Section 3.5 presents the
main findings. These include the baseline results for intergenerational persistence in
Germany. I use the decomposition to explore how education and the level of occu-
pational autonomy drive economic persistence. Section 3.6 explores how the role of
the pathway variables changes over time. Section 3.7 analyzes related mechanisms,
including the transmission of task levels across generations, labor market characteris-
tics, and personality traits. Section 3.8 presents the robustness checks, before Section

3.9 concludes the analysis.

3.2 Literature Review

This paper applies a labor market concept to understand intergenerational income
mobility. In labor economics, an increasing body of research is using a task-based ap-
proach to analyze how wages are affected by technological innovations and changing
job requirements. Occupations are classified by core activities. Introduced by Autor
et al. (2003), a central idea is that technological innovation automizes medium-level
tasks, which involve much routine work (e.g., accounting). This affects individuals
with medium education levels and polarizes the skills demanded by industries. Re-
lated work includes David et al. (2006); Goos and Manning (2007); Acemoglu and
Autor (2011); Black and Spitz-Oener (2010) and Autor and Handel (2013). Here, I
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use a task-based measure to explore drivers of economic persistence. The results indi-
cate that a considerable share of economic persistence is attributable to the influence
of family background on a child’s task level. Thus, the theoretical assumption that
economic persistence arises exclusively from financial restrictions on human capital
investments falls short of the mark.

In the literature on economic mobility, several studies analyze the role of education
for intergenerational income mobility. Hirvonen (2010) shows that 46.1% of the inter-
generational earnings elasticity in Sweden can be attributed to the education channel.
This share decreases to 30% once other transmission channels are accounted for (e.g.,
ability and health). Occupations are not included as a potential driver of economic
persistence. In a cross-country comparison, Blanden (2005) finds that in the United
Kingdom, the United States, and Germany one-third to one-half of earnings elastic-
ity can be attributed to educational attainment. Bloome and Western (2011) explore
changes over time. Blanden et al. (2014) find that the primary transmission channel
for income persistence in the United Kingdom is provided by occupations, whereas in
the United States, education is the main driver. Bloome et al. (2018) examine how
the expansion of higher education adds to the comparatively stable rank mobility in
the United States over time. They find that the educational expansion on low-income
families partly offsets rising inequalities in the access to education and increasing re-
turns. Additionally, parental income is less predictive of adult income within different
education levels. Overall, this literature strongly emphasizes the role of education,
although Blanden et al. (2014) also include an occupation pathway.

In comparison to these studies, I focus on the role of tasks as driver of economic persis-
tence. The share attributable to the education pathway decreases when the influence
of family background on children’s occupational autonomy level is accounted for.
Furthermore, I use the rank-rank slope as measure for economic mobility, whereas
existing decomposition results are based on the intergenerational income elasticity
(IGE). The rank-rank slope overcomes several disadvantages of income-level based
measures such as the IGE. Economic positions stabilize earlier in the life-cycle and
their calculation is less prone to attenuation bias. Nor do they require a monotonic
relation between children’s economic outcomes. By definition, ranks are distributed
uniformly and thus abstract from changes in the income distribution across gener-
ations inequality across generations (Dahl and DeLeire, 2008; Chetty et al., 2014;
Nybom and Stuhler, 2017).

Finally, this paper adds to the existing literature on income mobility in Germany.
Several studies include Germany as a reference country for the United States, the
United Kingdom, and Scandinavian countries (Couch and Dunn, 1997; Lillard, 2001;
Couch, 2004; Comi, 2004; Schnitzlein, 2016; Bratberg et al., 2017). In general, these
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papers conclude that income persistence in Germany is less pronounced than in the
US, but more pronounced than in Scandinavian countries. Other contributions ad-
dress bias profiles (Vogel, 2006; Brenner, 2010), or the economic mobility of migrants
(Yuksel, 2009; Flake, 2013). Kyzyma and Groh-Samberg (2018), the only paper using
a rank-based mobility measure, report a decline of economic mobility over time. The
estimated values of the intergenerational income elasticity in Germany increase over
the respective year of publication and range from an IGE value of 0.112 (Couch and
Dunn, 1997) to 0.368 (Kyzyma and Groh-Samberg, 2018). An important reason for
this variation is that research relies almost exclusively on the Socio-Economic Panel
(SOEP), which began gathering data in 1984. Consequently, the second generation
of respondents was still very young (i.e. a mean age of 22.80 years) when Couch
and Dunn (1997) conducted the first analysis of intergenerational earnings mobility
in Germany. Early results are therefore subject to life-cycle and further attenuation
bias. The second generation reached adult age only recently, a fact benefiting this
analysis. Additionally, the use of percentile ranks instead of income levels further

improves the quality of estimation results.

3.3 Data

This paper relies on data from the German Socio-Economic Panel (SOEP). The SOEP
is a representative annual survey of German households. Its data collection provides
high-quality information on a wide range of income variables and socio-demographic
characteristics at the individual level and at the household level. The SOEP data files
are part of international data-infrastructures, including the Cross National Equivalent
Files (CNEF).2

The SOEP fulfills the demanding data requirements for analyzing intergenerational
income mobility. The data collection started in 1984 and thus provides a sufficiently
long time horizon to compare the economic outcomes of two generations. Once a
household participates in the survey, the SOEP follows every household member as
long as they are willing to participate and live in Germany. Therefore, the sample
includes children also after they leave their original household. A special biography
file connects them to their parents which enables tracing child-parent pairs over time.
However, the number of traceable pairs with adult children is still limited and con-
sequently, all birth cohorts are pooled together to increase the sample size. Hereby,

children’s mean birth year is 1972, ranging from 1958 to 1984.

2See Goebel et al. (2019) for detailed information on SOEP data quality and methodology.
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Income Definitions and Sample Selection

Children’s income level is defined by their annual labor earnings. These include
salaries and wages from all employment and self-employment, as well as income from
bonuses, overtime, and profit sharing. Income ranks stabilize comparatively early in
the life cycle (Nybom and Stuhler, 2017). Consequently, earnings are measured when
children are between 32 and 38 years old and at least three observations are available,
which are averaged.

According to the theoretical background, intergenerational persistence arises due to
financial constraints preventing low-income parents to optimally invest in their chil-
dren (Becker and Tomes, 1986; Solon, 1999, 2004). To reflect a family’s financial
abilities, the disposable household income is used as family income measure. This is
defined as sum of all income after taxes, private and government transfers. To ac-
count for family structures, the disposable household income is adjusted with OECD
equivalence weights. The first adult living in the household is assigned a weight of
1, every additional adult a weight of 0.7, and underage children a weight of 0.5 each.
The income is measured when the parent is between 35 and 45 years old, and income
averages are calculated when at least five observations are observable. The main
specification relies on the mothers’ family income. Alternative income specifications
such as fathers’ individual earnings are part of the robustness checks.

All income is converted to constant 2015 Euros, then, family and child income is
transformed into income percentile ranks. Hereby, the ranks are calculated relative to
the income of all other respondents in the same birth cohort, regardless of them being
part of a child-parent pair. Following Kyzyma and Groh-Samberg (2018), ranks are
calculated separately by children’s gender, using information of the entire panel. The
sample is restricted to pairs where children’s years of schooling and their occupational
autonomy level are available. The resulting sample includes 1,247 children from 926

families.

Summary Statistics

Table 3.1 presents the sample’s descriptive summary statistics. On average, fathers
and mothers are 42 years old when their respective income is measured, and have an
annual income of 40,181.30 Euros at their disposal. After adjusting this for family
composition, the average family income equals 17,935.52 Euros per year.

Children reach a mean age of 35 years, which is well above the threshold of 30 years
when income ranks stabilize in their life cycle (Nybom and Stuhler, 2017). At this
age, children earn a mean income of 29,309.20 Euros per year, which ranges up to

205,533.90 Euros in the sample. The sample is approximately balanced between
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Table 3.1: Descriptive statistics

Mean N
Family:
Mother age 42.061 926
(1.897)
Father age 42.310 577
(1.932)
Family income 40,181.33 926
(19,440.48)
Adjusted family income 17,935.52 926
(6,360.00)
Children:
Children age 35.064 1,247
(1.088)
Female share 0.486 1,247
(0.500)
Children income 29,309.20 1,247
(21,574.58)
Years of Schooling 12.959 1,247
(2.832)
Secondary level 1 0.242 1,247
(0.429)
Secondary level 11 0.407 1,247
(0.491)
University entry exam 0.095 1,247
(0.293)
Academic degree 0.257 1,247
(0.437)
Low occupational autonomy 0.084 1,247
(0.278)
Lower occupational autonomy 0.213 1,247
(0.409)
Medium occupational autonomy 0.315 1,247
(0.465)
High occupational autonomy 0.388 1,247
(0.488)

Note: This table shows sample means, standard deviations in parentheses. All amounts are
in constant 2015 Euros. Age refers to the mean age when income is observed. Secondary level
I defines "Hauptschulabschluss", secondary level II "Realschule", and the university entry
exam includes "Abitur" and "Fachabitur". 68




genders, with 48.6% of children being daughters.

The main specification uses years of schooling as measure for educational attainment,
with an average of 12.96 years. As alternative measure, dummy variables indicating
different education levels are used. A share of 24.2% completed the secondary level
I (“Hauptschule”). Additional 40.7% of children attended institutions at secondary
level II (“Realschule”). A minority of 9.5% obtained a qualification for university
entrance (“Abitur”, Fachhochschulabschluss”). Finally, 25.7% have academic degrees.
The level of occupational autonomy describes the task structure of occupations. This
variable is designed specifically for the German SOEP. The goal was to create a simple
and meaningful measure that captures the task structure of occupations. The clas-
sification is based on occupational positions. Self-employed persons are categorized
by company size, except for farmers (who are categorized by acres of land). Civil
servants are classified according to civil service legislation, which defines duties and
tasks in that sector. Workers and employed persons are grouped by the tasks they
can be expected to perform and by the related responsibilities.>

Here, occupations are categorized into four groups: (i) low-autonomy occupations,
(ii) lower-autonomy occupations, (iii) medium autonomy occupations, and (iv) high-
autonomy occupations. The low autonomy group includes employees with the lowest
autonomy level (i.e., unspecialized manual labor). Lower-autonomy occupations in-
clude manufacturing, farm work, services, and only require minimum specialization.
Employees and government officials are classified as having medium autonomy once
they are given a limited amount of responsibility. High-autonomy occupations in-
volve greater responsibility (e.g. managers). Self-employed persons are defined as
having either medium or high-occupational autonomy, depending on the number of
employees in their organization.

Here, 38.8% of children work in occupations with high-autonomy level. They less
frequently work in medium- and lower-autonomy occupations, with shares of 31.5%
and 21.3%, respectively. In contrast, 8.4% have low-autonomy occupations. This
group serves as baseline in the decomposition. Table A.1.2 provides supplementary
information on industries in which these occupations are performed.

Table A.1.1 reports the sample statistics separately by children’s gender. On average,
daughters earn less than sons (19,421.94 Euros vs. 38,656.60 Euros). Also, a higher
share of daughters works in medium level jobs rather than in high level occupations.
For sons, high-autonomy occupations dominate.

In section 3.7, I use additional information on father’s occupational structure. De-
scriptive statistics are provided in Table A.1.4. In comparison to the children gen-

eration, a higher share of fathers has been working in low-autonomy occupations,

3See Hoffmeyer-Zlotnik and Geis (2003) for more details on this variable.
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whereas high-autonomy occupations were less prevalent. Furthermore, I evaluate
children’s personality traits. These include risk tolerance along several dimensions,
and standard variables to measure children’s level of neuroticism, agreeableness, con-
scientiousness, and openness (Gerlitz and Schupp, 2005). The personality traits are
measured on a 1-7 scale, and risk tolerance from 0 to 10. All values are self-reported,
and a higher value indicates that children perceive their trait as more pronounced.

Table A.1.3 shows corresponding sample means.

3.3.1 Supplementary Data

I use supplementary data from the SOEP to provide aditional evidence on the persis-
tence of task levels of children’s life cycle. This is a pooled sample of the 1984-2015
SOEP survey waves and includes all available information on children’s characteris-
tics and outcomes. The resulting sample provides 19,683 observations, with summary

statistics reported in Table A.1.6 in the Appendix.

3.4 Empirical Strategy

The empirical strategy consists of two steps. First, I estimate the rank-rank slope
(RRS) to document the level of economic persistence across generations in Germany.
Secondly, I explore to what extent the transmission of economic status is driven
by education and occupational autonomy. To do so, the RRS value is decomposed
into two components: One component is attributable to the influence of the pathway
variables, the other component derives from the direct influence of children’s economic

background.

3.4.1 Measuring Economic Persistence

The rank-rank slope is a positional measure which relates children’s economic position
to the economic position of their families. Accordingly, the income level in both
generations is transformed into percentile ranks RY and RY. Then, child #’s income

rank RY is regressed on the family’s income rank R

R{ = o+ BRI + ui, (3.1)

where w; denotes the error term. Income ranks are stable over time and thus, age
controls which are typically included in level-based mobility measures do not enter

here.
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The estimated parameter 8 provides the rank-rank slope (RRS) and is the main
parameter of interest. The RRS value indicates the expected change in a child’s
economic position when the family’s economic position increases by one income per-
centile rank. Hence, the higher the RRS value, the stronger the linkage between two
generations, and the higher the level of economic persistence. The RRS coefficient
B * 100 can also be interpreted as the expected economic gap between children born
to families in the highest and lowest income rank. This concept also implies that over
the course of generations, children approach the economic mean. Neither the advan-
tages nor the disadvantages of their parents’ economic situation are fully transmitted

to the next generation.

3.4.2 Decomposing Intergenerational Mobility

The goal of this decomposition is to explore how far economic persistence is at-
tributable to the education pathway and to the occupational autonomy pathway. In
general, a pathway combines the influence of children’s economic background on a
specific characteristic with the economic return to this characteristic while accounting

for the direct influence of the families’ income position.

The Education Pathway

The decomposition starts with education as a single pathway variable. To derive the
first component, the analysis evaluates the influence of families’ economic position on

their children’s educational attainment:

Edu{ = ag + A\gRl + &, (3.2)

where Edu; refers to child i’s years of schooling. The coefficient A\g indicates the
influence of children’s economic background on their education level. Then, children’s
returns to education are derived while including the direct influence of R, that is,

the families’ income rank:

RS =w+vyeEdul + vrRY + v (3.3)

Consequently, the RRS coefficient 8 can be decomposed into:

BZAE *YE +YF (34)

The first term A\g * yg captures how education as transmission pathway contributes

to economic persistence. The second term «r is the direct component deriving from
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the influence of children’s economic background which cannot be attributed to the

education pathway.

The Occupational Autonomy Pathway

Now the children’s task level is added. This is measured by the level of occupational
autonomy. Three dummy variables are used to characterize children’s level of occu-
pational autonomy. The reference group consists of children employed in occupations
with low autonomy level. Section 3.5.1 indicates an approximately linear relation
between family income ranks and children’s occupational outcomes. Consequently,

the influence of family background is derived from the following equations:

Aut? ;= or + ALR] +eLi (3.5a)
AUtgl,i =anm + AR + e (3.5b)
Autf, = ag + AuR{ + em, (3.5¢)

Where Aut?; equals 1 if child #’s occupation is characterized by at least lower oc-
cupational autonomy, and 0 otherwise. The dummy variables Aut$;; and Aut$,; are
defined analogously for occupations with at least medium level and with high level
occupational autonomy.

Then, the economic returns to different occupational levels are estimated, accounting

for children’s education and the direct influence of family background:

Ric =w+ cpEEduZC + chAutgyi + @MAutg“ + gaHAutgyi + chRlF + v; (3.6)

The coefficients ¢ and ¢, — g provide children’s economic returns to education
and occupational autonomy. Note that due to the specific definition of the dummy
variables, @1, — ¢g indicate the economic gains from a given occupational autonomy
level compared to the next lower level. Otherwise, when estimating the influence of
family income background on child’s occupational autonomy level, occupations with
the two intermediate levels would be compared to a baseline group including both
lower- and higher-ranked occupations. Additionally, ¢r captures the influence of
children’s family background on their economic outcomes. This is the direct compo-
nent. It contributes to economic persistence and cannot neither be explained by the
education pathway nor by the occupational pathway.

Thus, the RRS value is now decomposed into the three parts: (i) the education

pathway, (ii) the occupational autonomy pathway, and (iii) the direct influence of

72



family background:

163 = AEPE + Aapa —+ PF
—— ~—— ~—~
Rank-Rank Slope Education Pathway  Occupational Autonomy Pathway  Direct Influence

(3.7)

with
5\A¢A = 5\L¢L + 5\M¢7M + :\HtﬁH-

So overall, the decomposition illustrates the extent to which intergenerational eco-
nomic persistence is driven by mechanisms relating to education and occupational
autonomy, and to what extent it is attributed to the direct component relating to
family background, following Blanden et al. (2014). In comparison, this analysis is
based on the rank-based RRS to measure economic persistence, whereas Blanden et al.
(2014) rely on the intergenerational income elasiticity (IGE). Using the RRS provides
an advantage. The relation between economic positions can be approximated by a
linear form, whereas the IGE varies substantially along the income distribution and
is sensitive towards changes in income inequality across generations (Chetty et al.,
2014; Nybom and Stuhler, 2017). For a linear decomposition, using income ranks
rather than log income is thus preferable, although additional results based on the
IGE are shown in the robustness checks in Section 3.8. Furthermore, I introduce a
novel pathway variable to the literature on intergenerational income mobility, that is,

the task-based level of occupational autonomy.

This approach faces several limitations. The children’s years of schooling increase
linearly in their families’ income position (see Section 3.5.1). Therefore, it is used as
measure for children’s educational attainment in the main specification. However, the
decomposition assumes constant returns to the pathway variables. To mitigate this
for education, I provide additional results which are based on different educational
categories rather than on the years of schooling. Also, the analysis is sequential and
includes pathway variables by occurrence in the children’s life cycle - first education,
then their task level. Consequently, education is independent of occupational au-
tonomy, but the latter correlates with educational attainment. This dependence can
somewhat be mitigated by using the tasked based occupation measure. Section 3.5.1
illustrates that all occupational levels are accessible with every education type. In
Germany, vocational education and training (VET) is highly established and allows
to obtain high occupational autonomy levels also without academic degrees. However,
the correlation between education and occupational autonomy is larger for the high

autonomy level. Yet, the corresponding variance inflation factors (VIF) are smaller
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than 2 and therefore, they remain well below the suggested threshold of 10, which
would indicate a problematic level of multicollinearity.

Furthermore, the decomposition focuses on the influence of only two transmission
channels. This approach highlights the importance of occupational patterns but im-
plies that numerous intergenerational mobility factors are not included in the analysis.
They are captured by the error terms and by the second component of the decom-
position. For instance, cognitive and non-cognitive skills are influenced by parental
resources and contribute essentially to the economic outcomes (Carneiro and Heck-
man, 2003; Cunha and Heckman, 2007, 2008; Almlund et al., 2011). Unfortunately,
information on these characteristics is not available for the children generation studied
here, as the SOEP provides the respective information only for selected subsamples.
However, including years of schooling might be mitigating, given that Blanden et al.
(2007) implement several proxy variables for cognitive and non-cognitive abilities and
find that their influence is minimized once education is included. Nor can early child-
hood and care (ECEC) be included as pathway variables, as ECEC information are
available only for a small minority of children in the sample.

Finally, children’s economic outcomes are also influenced by numerous unobserved
factors. Therefore, this analysis is impaired by the likely correlation between the
error terms and the covariates. Nevertheless, they illustrate mechanisms underlying
the intergenerational transmission of earnings. Until now, strong emphasis has been
placed on education as a main driver of intergenerational mobility. Yet, an impor-
tant occupation pathway indicates that policy makers must look beyond educational

attainment and target the labor market, which forms task structures.

3.5 Results

3.5.1 Patterns in Family Income, Education and Occupa-

tional Autonomy

Distinct patterns are evident in the relation between a child’s occupational autonomy
level and its family’s income background. The left panel of Figure 3.1 illustrates this
for low- and high-autonomy occupations. The higher the family income rank, the
higher the share of children being employed in occupations with high autonomy lev-
els. Conversely, the share of children with low occupational autonomy decreases, and
the relation between family income and children’s occupational task levels is approx-

imately linear. In the top family income decile, over 60% of children perform high-
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Figure 3.1: The relation between family income and children’s occupational level and edu-
cation
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Note: The left panel shows that the share of children working in high-autonomy occupations
linearly increases in family income. Simultaneously, the share of children with low-autonomy
jobs linearly declines. Each point represents the mean share of children working in low- and
high-autonomy occupations for four family income ranks. The right panel illustrates that
children’s schooling years linearly increase in their families’ income position. Hereby, each
point represents the mean years of schooling for four family income ranks.

autonomy occupations, while only 4% are employed in low-autonomy jobs. Similar
applies to children with medium-level and with lower-level occupations, respectively.*
Intuitively, children’s occupational autonomy and their education correlate. Nev-
ertheless, occupational autonomy varies within education levels (Figure 3.2). High
occupational autonomy is accessible with every education level. Although academic
degrees dominate, almost half of children have lower education levels. For instance,
25.6% of children working in high-autonomy occupations graduate with upper sec-
ondary education. This is linked to Germany’s vocational education and training
system (VET). Primarily targeting children with a secondary education, VET en-
ables them to attain higher occupational autonomy levels also without a university
degree. Moreover, a linear relation exists between children’s years of schooling and
family income ranks, which is well suited to the linear decomposition approach (right

panel of Figure 3.1).

4See Appendix Figure A.1.1.

75



Figure 3.2: Accessibility of occupational autonomy levels
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Note: The four panels illustrate the composition of occupational autonomy by education
levels, indicating a high variation of schooling degrees across children’s task levels.

Furthermore, the access to different task levels differs for children from high- and
low-income families also within education levels. The panels in Figure 3.3 display
the composition of autonomy levels for children from the bottom- and top-income
quintile conditional on children’s education level.

With a lower secondary education, children from bottom-quintile families perform
predominately low- and lower-level tasks. Of them, 9.2% reach high occupational
autonomy. This share is more than 2-times as high among children from top-income
quintile families, who are also more likely perform medium-level tasks rather than
low-level tasks.

The occupational distribution also differs among children holding an upper secondary
certificate (which qualifies them to enter university). With equal education levels,
children from top-income families are generally more likely to attain a high-autonomy
occupation than children from low-income families. Among children from high-income
families, a shift occurs toward high-autonomy occupations at upper secondary level.
Although eligible to enter university, 17.3% of children from bottom-income families
work in low- or lower autonomy jobs. These types of occupations are not present
among children from high-income families. Only for academic degrees, the share of

high-autonomy occupations is approximately equal. Nevertheless, 5.6% of children
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Figure 3.3: Differences in occupational outcomes by family income and education
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Note: The four panels illustrate differences in the task structure of children from families in
the bottom- and top income quintile, conditional on their education level.

from low-income families work in jobs with lower occupational autonomy despite
holding an academic degree.

Additionally, there are gender-specific patterns. Across all education types, daughters
are less likely to perform high-autonomy occupations. Among children with lower sec-
ondary education, 32.6% of daughters work in low-autonomy occupations, compared
to 13.9% of sons. With this education level, only 3.2% of daughters reach high-level
occupations, compared to 13.9% of sons. This is further illustrated by Figure A.2.2
in the Appendix.

Overall, this descriptive evidence indicates that children’s economic background mat-
ters not only for their education level, but also for their occupational autonomy, i.e.,
for their task level. Consequently, this mechanism contributes to economic persis-

tence.

3.5.2 Intragenerational Occupational Mobility

The influence of family background on children’s occupational outcomes is also rele-
vant because little occupational mobility occurs over time. Occupational autonomy

levels are highly persistent over children’s life cycle. Based on the pooled SOEP
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sample, Table 3.2 shows an occupational mobility matrix. This summarizes the prob-
ability of an individual reaching a certain occupational autonomy level at age 45
conditional on their occupational autonomy level at age 32. These ages are selected
to match the main sample specification: 32 is the first year where children’s income
is taken into account, and 45 is the last year for observing parental income.

Even though children’s specific job might differ during this time, their task level is
quite likely the same. Overall, 61.62% of individuals remain in a low-autonomy job,
and even 76.26% in a high-autonomy occupation. Less than 1% improve their task
level from a low-autonomy to a high-autonomy occupation. Also, the task level of
individuals working in intermediate levels at age 32 is more likely to deteriorate than
improve over time. This makes the influence of family background on children’s initial

occupational level even more decisive.

Table 3.2: Intragenerational occupational mobility
Age 45
Low Lower Medium High

Autonomy Autonomy Autonomy Autonomy

Low Autonomy | 61.62% 25.70% 9.51% 3.17%
% Lower Autonomy 12.55% 54.94% 24.33% 8.17%
% Medium Autonomy | 1.08% 12.02% | 63.94% | 22.96%
High Autonomy 0.80% 3.22% 19.72% 76.26%

Note: This table shows the probability that an individual reaches a given occupational auton-
omy level by the age of 45, conditional on the occupational autonomy level he has at age 32.
This transition matrix suggests that occupational autonomy is persistent over individuals’
employment biography. The probability that they work in a job with the same autonomy
level varies between 54.94% and 76.26%.

3.5.3 Decomposing Economic Persistence in Germany

The relation between children’s income ranks and the income ranks of their families
is approximately linear (Figure 3.4). Every dot shows the mean children income rank
for four family income ranks. This implies that the linear rank-rank slope is a suitable
summary statistic for economic persistence in Germany.

The estimated RRS coefficient is 0.235 (Table 3.3). Therefore, a 1 percentile rank
increase in the family’s income position is associated with an average increase of 0.235

percentile ranks in the child’s income position. The gender-specific coefficients are of
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Figure 3.4: The relation between family and children income ranks
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Note: Each point shows the mean child rank for four family ranks. Ranks are income per-
centiles. The blue line derives from regressing a child’s income rank on the family’s income
rank, with a slope of 0.235, which is denoted as rank-rank slope (RRS). The higher the RRS,
the more children’s income position depends on their family’s income position.

similar magnitude, with values of 0.254 for sons and 0.227 for daughters.

In the following, economic persistence is decomposed into two parts: The first part
is mitigated by the pathway variables education and occupational autonomy, while
the second part derives from the direct influence of family background on children’s

economic outcomes.
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Table 3.3: Economic mobility in Germany

Total Sample Sons Daughters
Rank-Rank Slope (RRS) 0.235"** 0.254*~ 0.227***
(0.029) (0.042) (0.040)
N 1,247 641 606

Note: “"*p < 0.01, **p < 0.05, “p < 0.1. Robust standard errors in parentheses, clustered
on the family level. On average, a 1 percentile increase in the family’s economic position is
associated with a 0.235 percentile increase in the child’s economic position. The higher the
estimated RRS, the higher the level of economic persistence and therefore, the lower the level
of income mobility.

The Role of Education

Education is an important mechanism for the transmission of economic status (e.g.,
Solon, 2014; Bloome et al., 2018). Therefore, education is first included as singular
pathway variable. The education pathway combines the influence of family back-
ground on a child’s education level with the economic returns to this education.

Table 3.4 summarizes the results. The standard errors are also clustered on the
family level to account for sibling relations. The left column of Table 3.4 shows to

which extent intergenerational persistence can be attributed to the education path-

Table 3.4: Decomposing the influence of education

Total Sample Sons Daughters
Part Percentage Part Percentage Part Percentage
of RRS of RRS of RRS of RRS of RRS off RRS

Education 0.102%** 43.27% 0.094*** 37.19% 0.109*** 48.17%
Pathway Variable (0.013) (0.067) (0.018) (0.087) (0.019) (0.101)
Direct Effect of 0.134** 56.73% 0.159*** 62.81% 0.117** 51.83%
Economic Background (0.028) (0.067) (0.041) (0.087) (0.037) (0.101)
RSS 0.235%** 100.00% 0.254*** 100.00% 0.227*** 100.00%

(0.027) (0.041) (0.039)
N 1,247 641 606

Note: ***p < 0.01, **p < 0.05, *p < 0.1. Bootstrapped standard errors (1,000) in parenthe-
ses, clustered on family level. The education pathway coefficient combines the influence of
fathers’ economic position on children’s education with the children’s economic returns that
are associated to education. When only taking education into account, this combination ac-
counts for 43.27% of the economic persistence, measured by the RRS. Consequently, 56.73%
of the RRS value are attributed to the direct influence of the family’s economic position.
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Table 3.5: Underlying values of the single pathway decomposition

Influence of Families’ Economic  Children’s Economic N
Position on Children’s Education Return to Education

Total Sample 0.029*** 3.474%** 1,247
(0.003) (0.266)

Sons 0.028*** 3.376%** 641
(0.005) (0.387)

Daughters 0.031*** 3.533*** 606
(0.005) (0.346)

Note: “**p < 0.01, **p < 0.05, “p < 0.1. Robust standard errors in parentheses, clustered
on family level. The left column shows the association between children’s years of education
and their family background. The right column shows the economic return to education. For
the entire sample, a 1-rank increase in the family’s economic position is associated with a
0.029 increase in children’s schooling years. In turn, an additional schooling year increases
the children’s income rank by 3.474 ranks. Combining the coefficients in the first line gives
the pathway coefficient value for education. The table also shows separate results for sons
and daughters. For daughters, both the influence of their family income background and the
returns to education are larger than for sons, resulting in a higher pathway coefficient.

way when occupational structures are not accounted for. Then, with an estimated
pathway coefficient of 0.102, the education pathway amounts to 43.27% of the RRS
coefficient, measuring economic persistence. Thus, 56.73% of the RRS value remain
unexplained by the single pathway decomposition. This share is attributed to the
family background directly affecting the child’s income rank.

The education pathway is more influential for daughters than for sons. With a nu-
merical value of 0.109, approximately half of the daughters’ RRS coefficient relates to
the education pathway. The explanatory power of education is 10 percentage points
lower lower with sons, where the coefficient equals 37.19% of the gender-specific RRS

value.

Table 3.5 presents the underlying regression results for the decomposition. The left
column shows the association between children’s years of schooling and their families’
income rank. The right column indicates children’s returns to education, measured
by the mean increase in children’s income ranks. On average, a l-rank increase in
the family’s income rank relates to additional 0.028 schooling years for their children.
In turn, one additional schooling year raises children’s income position on average by

2.960 percentile ranks. Combining coefficients provides the education pathway value.

For daughters, the higher share attributable to the education pathway derives from

a stronger influence of family background on their educational outcomes (0.031 vs.
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0.026). Additionally, the associated returns to education are higher when the direct
family influence is accounted for. For daughters, one additional schooling year relates

to a 3.533 increase in their income rank, compared to 3.376 for sons.

The Role of Occupational Autonomy

Occupational autonomy is now added to the decomposition. Table 3.6 reports the
results. The influence of the education pathway diminishes substantially and then
accounts for 19.18% of the overall RRS value, which is approximately half of the share
in the single pathway specification. Therefore, the impact of the earlier education
pathway is partly transmitted through the occupational pathway which occurs later
in children’s life.

The occupational autonomy channel is highly influential and has a larger explanatory
power than the education pathway. A coefficient value of 0.091 implies that overall,
38.73% of the RRS value is attributable to the influence of family background on
children’s occupational level and to the corresponding economic returns. For daugh-
ters, the explanatory power is approximately 17 percentage points (pp) higher than
for sons. With an estimated pathway coefficient of 0.115, half of the rank persistence
level relates to the occupational autonomy pathway. For sons, the obtained result of
0.086 amounts to 33.74% of the gender specific RRS level.

The underlying coefficients for the occupational autonomy pathway are presented in
Table 3.7. Sons and daughters do not show large differences in the relation between
their families’ income ranks and their occupational levels. A 1-rank increase in the
family’s income position relates to a 0.2 percentage points higher probability that a
child reaches at least lower occupational autonomy. For daughters, the influence is
higher on medium-level occupations than on high-level occupations.

The average child is in the 32" income percentile when working in a low-autonomy
occupation. Given this baseline, switching to a lower-autonomy occupation increases
the child’s economic position by 10.955 income ranks at the mean (see Table 3.8).
The relative gain between lower and medium-level occupations is of similar magni-
tude (10.663 ranks), whereas having a high-autonomy occupation increases the child’s
income position by another 8.592 ranks.

The structure of economic returns shows gender-specific patterns. For sons, the high-
est relative gain occurs when they switch to a high-level occupation. This relates to
an additional increase of 16.657 income ranks. For them, the increase between lower-
and medium-level occupations is comparatively small and equals 4.056 ranks. At this
stage, daughters experience substantially higher gains (13.781 ranks), whereas there

is only an additional increase of 6.711 ranks when they change from a medium-level
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to a high-level occupation.

The education channel remains important. For the total sample, the education path-
way coefficient amounts to 19.18% of the RRS value. The associated influence of fam-
ily background on children’s education remains unchanged, as the coefficient derives
from a univariate regression (see Equation 3.2 and results in Table 3.5). However,
the returns to education change. When taking into account the child’s task level,
an additional year of schooling increases the child’s income position by 1.540 ranks,
compared to 2.960 ranks in the single pathway specification. Daughters experience
higher returns to schooling than sons (1.579 vs. 1.060 ranks). Therefore, education

provides economic returns in addition to tasks children are performing.

The reported results indicate that occupational patters are an important mechanism
for the transmission of economic status across generations. When including children’s
task levels, approximately 60% of the RRS coefficient are attributable to the pathway
variables. Therefore, the explanatory power of the decomposition increases compared
to the single pathway specification which only focuses on education. This implies

that the occupational autonomy pathway contributes to the deeper understanding

Table 3.6: The joint decomposition of education and occupational autonomy

Total Sample Sons Daughters
Part Percentage Part Percentage Part Percentage
of RRS of RRS of RRS of RRS of RRS off RRS

Education 0.045*** 19.18% 0.030** 11.68% 0.049*** 21.53%
Pathway Variable (0.010) (0.047) (0.013) (0.057) (0.015) (0.072)
Occupational Autonomy 0.091*** 38.73% 0.086*** 33.74% 0.115%** 50.92%
Pathway Variable (0.013) (0.057) (0.018) (0.071) (0.020) (0.105)
Pathway Total 0.136*** 57.90% 0.115*** 45.42% 0.164*** 72.45%

(0.015) (0.075) (0.022) (0.095) (0.023) (0.130)
Direct Effect of 0.099*** 42.10% 0.138*** 54.58% 0.062* 27.55%
Economic Background (0.025) (0.075) (0.038) (0.095) (0.035) (0.130)
RSS 0.235*** 100.00% 0.254*** 100.00% 0.227%* 100.00%

(0.028) (0.040) (0.039)
N 1,247 1,247 641 641 606 606

Note: ***p < 0.01, **p < 0.05, *p < 0.1. Bootstrapped (1,000) standard errors in parenthe-
ses, clustered on family level. This table summarizes the results of the joint decomposition,
including the education and occupational autonomy pathways. Hereby, each pathway co-
efficient combines the influence of the family’s income position on child’s education and
occupational autonomy with the child’s corresponding economic returns. For the total sam-
ple, these combinations account for 57.90% of the economic persistence, measured by the
rank-rank slope. Hereby, 38.73% are attributable to the occupational autonomy pathway
alone. Consequently, 42.10% of the estimated RRS coefficient are attributed to the direct
influence of the family’s economic position. For daughters, the decomposition has a higher
explanatory power as for sons (72.45% vs. 45.42%).
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Table 3.7: The influence of family background on children’s occupational level

Total Sample Sons Daughters
Lower Occupational 0.002*** 0.001*** 0.002***
Autonomy (0.000) (0.000) (0.001)
Medium Occupational 0.004*** 0.003*** 0.005***
Autonomy (0.001) (0.001) (0.001)
High Occupational 0.003*** 0.004*** 0.003***
Autonomy (0.001) (0.001) (0.001)
N 1,247 641 606

Note: “*p < 0.01, *p < 0.05, *p < 0.1. Bootstrapped (1,000) standard errors in parentheses,
clustered on family level. The table shows how a child’s probability of working in a specific
occupational level changes when the family income position improves. For instance, a 1-rank
increase in the family income rank is associated with a 0.3 percentage point increase in the
child’s chances of having a high-autonomy job.

Table 3.8: Economic returns in the joint decomposition

Total Sample Sons Daughters
Education 1.540*** 1.060*** 1.579***
(0.315) (0.455) (0.430)
Lower Occupational 10.955*** 12.864*** 11.035***
Autonomy (2.538) (3.767) (3.278)
Medium Occupational 10.663*** 4.056*** 13.781%***
Autonomy (1.836) (2.592) (2.565)
High Occupational 8.592%** 16.657* 6. 711
Autonomy (1.805) (2.618) (2.421)
N 1,247 641 606

Note: “*p < 0.01, *"p < 0.05, *p < 0.1. Bootstrapped (1000) standard errors in parentheses,
clustered on family level. This table provides the additional economic returns for an occupa-
tional autonomy level, compared to the next lower one. The average child’s income position
increases by 10.955 ranks when they switch from a low-autonomy occupation (the reference
group) to a lower-autonomy occupation.

of income persistence and does not only absorb variation otherwise attributed to

education.
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Figure 3.5: Time trends in economic persistence
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Note: The figure shows the rank-rank slope and the contribution of the education and oc-
cupational autonomy pathways over time. Hereby, the vertical axis indicates absolute coef-
ficient values, and the cohort-specific RRS values are depicted above the bars. The shares
attributable to the pathways coefficients are depicted inside the bars. Hereby, the birth
cohorts are overlapping where each cohort covers one birth decade. The direct influence
captures children’s economic returns to their families’ income position once their education
and occupational level are accounted for. The contribution of the education pathway more
than doubles over time, and the share attributable to occupational autonomy varies between
27.6% in the 1963 cohort to up to 49.4% in the 1974 cohort.

3.6 Time Trends

The role of education and occupational autonomy for economic persistence changes
across birth cohorts. Figure 3.5 illustrates the rank-rank-slope and the coefficient
values of the two pathway variables over time. Due to the limited sample size, |
estimate results for overlapping birth cohorts, where each cohort covers one decade.
Therefore, the 1963 cohort includes children born between 1958 and 1968, the 1964
cohort those born between 1959 and 1969, and so on.

Economic persistence is rising for more recent cohorts. At the beginning, a moderate

decline occurs in the rank-rank slope until the 1973 cohort, where a 1-rank increase
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in the family income position is associated with a 0.198 increase in the child’s income
rank. Then, the RRS coefficient increases and reaches a value of 0.274 for the last
observed birth cohort. This implies an increasing gap between children born at the
bottom and at the top of the family income distribution. In the 1973 birth cohort,
the wedge between rich and poor children is 19.8 income ranks. In the 1984 birth
cohort, this gap raises to 27.4 ranks. The higher the level of income inequality, the
greater the gap in absolute monetary terms.

Education and occupational autonomy become increasingly important for the trans-
mission of economic status across birth cohorts. The share of the RRS coefficient at-
tributable to the education pathway more than doubles from 10% in the 1963 cohort
to 24% in the 1979 cohort. Similar applies to the occupational autonomy pathway,
where the share rises from 27% to approximately 50% for children born around 1975.
Why is the share attributable to the pathway variables increasing over time? One
reason might be that a child’s income background becomes more important for its
education and task level. Also, there could be changes in the economic returns to
education and occupational autonomy. Therefore, Figure 3.6 shows the underlying
coefficients of the pathway variables across cohorts. They indicate that children’s
economic background is becoming more important for their education level over time,
implying rising educational inequality. In comparison, the returns to education are
comparatively stable across cohorts when children’s occupational level is accounted
for. This is shown by the lower left panel of Figure 3.6.

With the early 1970 cohorts, family background becomes also more influential for
children’s propensity of working in medium- and high-autonomy occupations. The
economic markups for these occupations seem comparatively stable and even to be
somewhat decreasing for high-autonomy occupations. For the first birth cohort, hav-
ing a high-autonomy occupation relates to an additional gain of 18.63 income ranks,
compared to 14.98 in the last observed birth cohort.

However, returns to lower-autonomy occupations are rising over time. This implies
that the expected absolute outcomes of medium- and high-autonomy occupations
are rising as well, because the returns are measured as additional gains in income
ranks compared to the next lower group. The increasing returns to lower-autonomy
occupations therefore imply an increasing wedge in economic outcomes to children in
the reference group, that is, children with low-autonomy occupation. This is further
highlighted by the lower right panel in Figure 3.6, plotting the mean economic returns
to low-autonomy occupations relative to those of higher autonomy levels. For the first
cohort covered in the sample, a gap of 8 income ranks between the average income
rank of children working in low-autonomy occupations and those in higher task levels.

This gap more than doubles over time and equals approximately 20 income ranks
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Influence of Family Income Rank

Economic Returns

Figure 3.6: Time trends in underlying coefficients
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Note: This figure shows the underlying coefficients for the decomposition over time. The
upper panels indicate how the influence of family income background on children’s education
and occupational level changes over time. The lower left panel shows children’s economic
returns to education and occupational level over time. Economic returns to occupational au-
tonomy are measured as relative gain to the next lower level. The lower right panel illustrate
the economic returns to the reference group, that is, to occupations with the lowest auton-
omy level. There is a stable economic mark-up to medium- and high-autonomy occupations,
whereas the economic gap to children with the lowest autonomy level is more than doubling
between the 1968 and 1984 birth cohort.

for the more recent cohorts. Consequently, children with low-autonomy occupations

become increasingly detached in terms of economic outcomes.

3.7 Related Mechanisms

The previous sections have demonstrated that the influence of family background on
children’s occupational outcomes is an important pathway for economic persistence.
For policy makers, it is important to understand which mechanisms contribute to the

relation between family income background and children’s task levels. The following
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Figure 3.7: The distribution of tasks in the father generation
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Note: The figure displays the distribution of task levels in the father generation conditional
on the family income quintile. As in the children generation, the share of fathers with
high-autonomy occupations increases for higher income quintiles, whereas the share of low-
autonomy occupations declines.

analysis cannot resolve this issue fully but shreds light on several contributing factors
that affect children’s task levels.

3.7.1 The Transmission of Task-Levels

It is well documented that the children of lawyers, doctors, and pharmacists are
more likely than others to follow in their parents’ footsteps (Lentz and Laband, 1989;
Laband and Lentz, 1992; Dunn and Holtz-Eakin, 2000; Sgrensen, 2007; Lindquist
et al., 2015; Gubler et al., 2017; Aina and Nicoletti, 2018) This has been related
to the lower costs needed to acquire occupation-specific human capital — and to
nepotism (e.g., Lentz and Laband, 1989).

Here, I consider children’s task level rather than specific occupations. Figure 3.7
displays the distribution of task levels in the father generation conditional on the
family income quintile. With a share of over 40%, high-level jobs clearly dominate
the top income quintile. The variation of occupational autonomy is comparatively
balanced for middle incomes, whereas fathers in the bottom income quintile typically
perform lower- or low-level occupations. The distribution of task-levels is therefore

similar to the children’s generation.
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Table 3.9: The intergenerational transmission of tasks

Low Lower Medium High
Autonomy Autonomy Autonomy Autonomy

Level Level Level Level
Father with lower —0.073** 0.031 0.148*** —0.056
autonomy occupation (0.033) (0.043) (0.046) (0.038)
Father with medium —0.080** —0.001 0.205*** —0.043
autonomy occupation (0.035) (0.044) (0.046) (0.039)
Father with high —0.092** —0.062 0.113** 0.028
autonomy occupation (0.041) (0.047) (0.051) (0.043)
Years of schooling —0.067*** —0.045*** —0.017*** 0.069***

(0.009) (0.006) (0.006) (0.003)
Family income rank —0.002%** 0.000 0.002*** —0.000

(0.001) (0.001) (0.001) (0.001)
Controls Yes Yes Yes Yes
Pseudo R? 0.365 0.174 0.097 0.354
N e 826 821 818

Note: “**p < 0.01, ““p < 0.05, “p < 0.1. Standard errors (shown in parentheses) are clustered
on the family level. The control variables include children’s age, gender, and industry. Having
a father in a higher task level significantly reduces the likelihood that a child has a low-
autonomy job, controlling for education, family income and other characteristics. Conversely,
a child is 20.5 pp more likely to work in a medium-autonomy occupation when the father is
already working at this task level, compared to when the father has a low-autonomy job.

Are children born to fathers with (e.g.) low-autonomy occupations more likely to also
work in low-level occupations, even when accounting for their education? This mech-
anism reduces upwards income mobility when children end-up in jobs with lower task
levels although their acquired human capital would enable accessing higher autonomy
occupations with higher economic returns.

Table 3.9 reports average marginal effects obtained from logit regressions. They
indicate the extent to which the father’s occupational level influences a child’s task
level once its education and family income rank are taken into account. The set of
control variables includes children’s age, gender, and the industry they are working in.
The results indicate that the father’s task-level significantly affect whether a child is
working in a low- and medium-level occupation, but not in lower- and high-autonomy
occupations.®

There is evidence for a transmission of low-autonomy occupations. Each higher task

5The results remain qualitatively unchanged when looking at mothers’ task level instead
of fathers’ task level, see Appendix Table A.3.7.
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level in the father generation significantly reduces the child’s probability of working
in a low-autonomy occupation, additional to education and the family income back-
ground. Having a father in a lower-autonomy occupation, the next-higher task level,
already reduces the probability by 7.3 percentage points, keeping the child’s schooling
years and the family income rank constant.

This result is important for understanding economic persistence at the bottom of the
income distribution. It implies that low-autonomy occupations are not only resulting
from children’s (low) educational achievement. Additionally, children tend to choose
the same job type as their fathers before them, that is, jobs with low task levels and
low economic returns. Consequently, this mechanism contributes to intergenerational
poverty cycles, especially as the time trends in Section 3.6 indicate a rising gap in
economic outcomes between children with low-autonomy occupations and children
with higher task levels.

Similar applies to medium-level occupations. Children of fathers with medium-
autonomy occupations are on average 20.5 percentage points more likely to work
in a medium-autonomy occupation than children from low-autonomy fathers, keep-
ing their education level and family income position constant. This implies a strong
transmission of medium-level occupations across generations.

When controlling for the child’s education, its father’s occupational level is not signifi-
cantly affecting its chances of working in a high-autonomy occupation. The coefficient
for the family income position is also not significant. Appendix Table A.3.8 provides
a second set of results where education is not included. Then, having a father with
a high-autonomy job would be associated with a 28.1 pp increase. This hints that
on average, children born to fathers with high-autonomy occupations do not work
in a high-level occupation because they follow their fathers’ footsteps, but because
they have access to education which allows them to work at an equally high task
level. Education seems to be also a primary determinant for children’s propensity of

working in a lower-autonomy occupation.®

3.7.2 Labor Market Patterns

One result of the occupational mobility matrix in Section 3.5.2 is that if children at
intermediate task levels experience a change in their occupational autonomy, a de-

terioration is more likely than an improvement. Below, I explore potential drivers

6Otherwise, the results for low- and medium-autonomy occupations are very similar to
Table 3.9. When not accounting for education, then the advantage of having a father in
a higher-autonomy position becomes larger on the child’s likelihood of working in a low-
autonomy occupation. The transmission of medium-level occupations remains largely unaf-
fected by the education control (17.8 pp. vs. 20.5pp).
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Table 3.10: Labor-market related drivers of occupational autonomy

Low Lower Medium High
Autonomy Autonomy Autonomy Autonomy
Level Level Level Level
Working part-time 0.041%** 0.034** —0.032** —0.069***
(0.007) (0.013) (0.013) (0.008)
Unemployment experience 0.020*** —0.005 —0.026** —0.033***
(0.004) (0.007) (0.010) (0.009)
Full time work experience 0.000 —0.001 0.007*** —0.001
(0.001) (0.002) (0.002) (0.002)
Family income rank —0.000 —0.002*** 0.001*** 0.001
(0.000) (0.000) (0.000) (0.000)
Female —0.013 —0.021 0.146*** —0.073***
(0.010) (0.019) (0.022) (0.014)
Controls Yes Yes Yes Yes
Pscudo R? 0.247 0.099 0.087 0.356
N 19,683 19,683 19,683 19,683

Note: “*p < 0.01, ™*p < 0.05, "p < 0.1. The table reports average marginal effects from
logit regressions. This is a pooled sample including all available observations on children
and their outcomes. The dependent variables are children’s current occupational autonomy
level in a given survey year. The set of control variables includes individual’s age, year of
schooling, region, industry, marital status, and year effects. Standard errors are clustered
on the individual level. The results indicate, for instance, that an additional year of past
unemployment includes the child’s probability of working in a low-autonomy occupation by
2.0 percentage points.

of task downgrading at the labor market and evaluate whether these relate to chil-
dren’s family income background. While a background-dependent task downgrading
might indicate direct or indirect discrimination, it could also derive from different job
networks and job searching strategies after children become unemployed.

To explore the influence of family background over children’s employment career, 1
use the pooled SOEP sample which includes all available observations for children’s
characteristics and outcomes over their life cycle, keeping the family income rank
constant.” Table 3.10 reports average marginal effects from four logistic regressions.
The dependent variables are dummies indicating children’s occupational autonomy
level in a given survey year. The set of control variables includes cohort effects,
children’s years of schooling, age, region, and their industry of employment (1-digit-
level). All standard errors are clustered on the individual level to account for the

pooled sample structure.

7See Table A.1.6 for additional descriptive statistics.
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Working Part-time, Unemployment, and the Influence of Work Ex-

perience

A lower labor supply relates to occupational downgrading. Conditional on educa-
tion and other characteristics, working part-time makes children more likely to work
in the two lower task levels and reduces their probability of working in a medium-
or high-autonomy occupations by 3.2 and 6.9 percentage points, respectively. Sim-
ilar applies to past unemployment episodes. An additional year of unemployment
increases the propensity for working in a low-autonomy job by 2 percentage points,
and it significantly decreases the likelihood of having a medium- and high-autonomy
occupation.

Conversely, there is not much evidence that full-time work experience substantially
affects children’ s task levels. There is, however, a significant effect on medium-
level occupations. On average, every additional year of work experience increases the
child’s probability of having a medium-level job by 0.7 pp.

These results match the occupational mobility matrix (Section 3.5.2). Children’s
task levels are not strongly affected by their work experience and thus, they remain
stable over their life cycle. However, when children reduce their labor supply or are
affected by unemployment, they face a risk of task downgrading, which reflects in the
occupational transition matrix.

There is no evidence that children from low-income families are affected to a larger
extent from task downgrading than children from high-income families. Figures A.4.3
- A.4.5 in the Appendix visualize the marginal effects of working part-time, unem-
ployment, and work experience conditional on the child’s family income rank. There
is no large variation and at several segments of the family income distributions, the

interaction effects are not significant.

Gender-specific Patterns

Figure 3.8 provides additional evidence on gender-specific patterns along the family
income distribution. This highlights the role of medium-level occupations for daugh-
ters’ income mobility.

In the lower half of the family income distribution, daughters and sons do not differ
in their likelihood of having low- and lower-autonomy job, conditional on their other
characteristics. Afterwards, daughters are significantly less likely to work in low- and
lower-autonomy occupations. This effect becomes more pronounced in higher family
income ranks (see upper panels in Figure 3.8).

Being female is highly predictive for medium-level occupations. On average, daughters

are 14.6 percentage points more likely to work in medium-autonomy occupations than
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Figure 3.8: Effects of children’s gender conditional on family income rank
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Note: The figure shows the total effects of being female on children’s task levels conditional
on the family income rank. The marginal effects are not significant in areas with grey
background.

sons (Table 3.10). This effect increases with families’ income rank. At the top of the
family income distribution, daughters are 21.7 pp. more likely to work in a medium-
level task than sons. Simultaneously, they become less likely to have high-autonomy
occupations.

This implies that daughters from high-income families are substantially more likely
to work in medium-level occupations, although they are typically higher educated
than comparable sons.® On average, these medium-level occupations relate to lower
earning returns than high-autonomy occupations. Consequently, daughters’ income
percentile ranks are likely to decrease compared to their families’ income rank. This
increases the average level of income mobility and explains why the RRS coefficient
is somewhat lower for daughters than for sons. In comparison, sons from high-income
families tend to work in high-autonomy positions and therefore reach a higher income

percentile themselves, which contributes to the transmission of economic status.

8Table 3.5 in Section 3.5.3 predicts that at a given family income rank, daughters reach
on average a higher number of schooling years than sons.
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Figure 3.9: The associated influence of children’s income background on their personality
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Note: This figure illustrates the influence of family income quintile on children’s personality
traits. Hereby, children’s traits are measured on a 1-to-7 scale, and their risk tolerance on a
0-to-10 scale. For instance, a 1-quintile increase in the family’s income position is associated
with a 0.057 decrease in the child’s level of nervousness, which is a measure for neuroticism.
The underyling OLS regressions control for children’s education, gender, and age.

3.7.3 Personality Traits

Finally, I turn to psychological factors as potential mechanism. The importance of
personality traits for occupational choices and career outcomes is well documented
in the literature (e.g., Seibert et al., 1999; Hurtz and Donovan, 2000; Judge and
Kammeyer-Mueller, 2007; George et al., 2011; Xu, 2020). A high-income background
might enhance personality traits that facilitate children to obtain and perform occu-
pations with high task levels, which would contribute to economic persistence.

I evaluate this claim by exploring how family income influences different personality
traits. These include risk tolerance and standard variables to measure children’s level
of neuroticism, agreeableness, conscientiousness, and openness (Gerlitz and Schupp,
2005). Personality traits are measured on a 1-7 scale, and risk tolerance from 0 to
10. The values are self-reported, with higher values indicating that children perceive
their traits as more pronounced, and are more willing to take risks along several
dimensions.’

Family income background is highly relevant for children’s risk tolerance on the one

9See Table A.1.3 in the Appendix for further descriptive statistics.
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Figure 3.10: Correlation between personality traits and occupation types
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Note: This figure shows correlation coefficients between children’s personality traits and low-
and high-autonomy occupations. Measures for neuroticism (worry a lot, somewhat nervous)
are positively correlated with low-autonomy occupations and negatively correlated with high-
autonomy occupations, whereas the reverse applies to children’s willingness to take risks along
different dimensions.

side, and for indicators of neuroticism on the other side. Additionally, a higher family
income rank increases children’s openness, but reduces their conscientiousness and
agreeableness. This is highlighted by Figure 3.9, which shows how a family’s income
quintile influences their child’s reported personality traits at the mean. Children’s
education level is already accounted for.*°

Ceteris paribus, a higher income quintile is associated with lower values for worry-
ing and nervousness, that is, traits indicating neuroticism. Children indicate a mean
value of 4.401 when they are asked whether they worry a lot. With this baseline, a
1-quintile increase in the family’s income position is associated with a decrease by
0.100, which is significant at the 1 % level. Furthermore, an increase in the family
income quintile reduces the extent to which children are able to forgive others. This
relates to children’s level of agreeableness. Being lazy is a standardized measure for
low conscientiousness (Gerlitz and Schupp, 2005). Therefore, the positive influence
on laziness indicates that higher family income relates to a lower level of conscien-
tiousness. Higher family income is also associated with a significantly higher level
of sociability, implying more openness. In particularly, a family’s income position
positively affects children’s willingness to take risks along different dimensions. This
affects taking risks in occupational matters and financial affairs, but the influence is
largest on their private life (leisure and sports). Overall, these results suggest that
children’s economic background affect their personality traits.

In turn, personality traits correlate with occupational types. This is shown by Figure

108ee Appendix Table A.5.9 for the estimated coefficient values.
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3.10, which illustrates the Point-Biserial correlation coefficients between traits and
high- and low-autonomy occupations.!

Correlation coefficients are highest for those traits that are most affected by children’s
family income background, that is, risk tolerance and neuroticism. High-autonomy
occupations are positively correlated with the willingness to take risks in occupational
and financial matters, as well as in leisure and sports. Conversely, they are negatively
correlated with worrying a lot and with being nervous. For low-autonomy occupa-
tions, the correlation coefficients move in the reverse direction, and are also highly
significant. The correlation with other traits is less pronounced and close to zero.'2
These traits are also less affected by children’s economic background.

This implies that children from high-income families grow-up in a socio-economic
environment that makes them more willing to take risks and less anxious. This
in turn is favorable for their occupational outcomes. Simultaneously, children from
low-income families have a lower risk tolerance and worry more, traits which are
typically observed in individuals working in low-autonomy occupations. Thereby, this
mechanism contributes to the transmission of economic status across generations.
However, the correlation between occupational outcomes and personality traits is,
although highly significant, moderate in its magnitude. This also applies to the
associated influence of family background on traits, suggesting that personality traits

might not be the primary mechanism behind the observed effects.

3.8 Robustness Checks

3.8.1 Alternative Income Measures

In the following, I implement alternative income measures for the parent generation to
estimate the rank-rank slope. These include fathers’ individual earnings, the dispos-
able household income in non-equalized form, and gross household in equivalized and
non-equivalized form (Table 3.11). The children income measure remains unchanged
and is defined by children’s labor earnings. The obtained RRS coefficients are slightly
higher when the income measure is adjusted for the number of adults and children
in the family, that is, when OECD equivalence weights are implemented. Therefore,
the relation between economic outcomes is stronger for income measures reflecting
more closely the financial resources available for investments into one child. Yet, the

magnitude of the obtained coefficients is overall very similar in size, indicating that

HThe Point-Biserial correlation coefficient is used to estimate the correlation between
continuous variables and binary variables such as children’s occupational level.
12See Appendix Table A.5.10 for the estimated values of the correlation coefficients.
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the rank-rank slope is robust towards the implemented income measure.

Table 3.11: Alternative income measures for RRS estimates

Parent Income HH Disposable HH Disposable Father HH Gross HH Gross
Measure Income Income Earnings Income Income
RRS 0.235*** 0.152%** 0.225*** 0.227*** 0.174***
(0.029) (0.030) (0.044) (0.029) (0.029)
Equalized Parent Yes No No Yes No

Income Measure

N 1,247 1,247 856 1,247 1,247

Note: ***p < 0.01, **p < 0.05, *p < 0.1. Robust standard errors in parentheses, clustered on
family level. This table presents estimated coefficients for the rank-rank slope (RRS) based
on alternative income measures. These include disposable household income (main analysis),
fathers’ individual earnings, and household gross income in equalized and non-equalized form.
Hereby, equalized income is adjusted to the household composition regarding the number of
adults and minors.

Table 3.12: Decomposition with alternative income measures

Decomposition with Alternative Income Measures

Total Sample Sons Daughters
Part Father Earnings Part HH Gross Part Percentage
of RRS of RRS of RRS of RRS of RRS off RRS

Education 0.067*** 29.92% 0.041*** 17.96% 0.031*** 20.36%
Pathway Variable (0.015) (0.084) (0.010) (0.046) (0.008) (0.059)
Occupational Autonomy 0.096*** 42.58% 0.081*** 35.35% 0.063*** 41.46%
Pathway Variable (0.018) (0.093) (0.012) (0.058) (0.012) (0.089)
Direct Effect of 0.062 27.50% 0.106*** 46.45% 0.058** 38.19%
Economic Background (0.038) (0.138) (0.026) (0.075) (0.025) (0.119)
RSS 0.235*** 100.00% 0.227*** 100.00% 0.152*** 100.00%

(0.028) (0.028) (0.028)
Family Income Measure Individual Father Household Gross Household Disposable

Earnings Income Income

Equivalence Weights No Yes No
N 856 1,247 1,247

Note: “*p < 0.01, "*p < 0.05, *p < 0.1. Bootstrapped (1000) standard errors in parentheses,
clustered on family level. This table summarizes the results of the joint decomposition for
different income measures in the parent generation. The right column shows decomposition
results for disposable household income without OECD equivalence weights.

This is further confirmed when looking at decomposition results obtained with father
earnings, gross household income, and disposable household income without the im-
plemented equivalence weights. When using fathers’ individual labor earnings, the

share attributable to the education pathway is moderately higher than in the main
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Table 3.13: IGE-based decomposition results

Total Sample

Part Percentage Part Percentage
of RRS of RRS of RRS off RRS
Education 0.217*** 36.56% 0.015 2.59%
Pathway Variable (0.031) (0.067) (0.023) (0.041)
Occupational Autonomy 0.302*** 50.81%
Pathway Variable (0.049) (0.079)
Direct Effect of 0.376*** 63.44% 0.277*** 46.60%
Economic Background (0.086) (0.067) (0.078) (0.083)
IGE 0.593*** 100.00% 0.593*** 100.00%
(0.089) (0.092)
N 1,245 1,245

Note: “*p < 0.01, **p < 0.05, *p < 0.1. Bootstrapped (1000) standard errors in parentheses,
clustered on family level. The obtained coefficient of 0.593 indicates that on average, a 10%
increase in disposable family income relates to a 5.93% increase in the child’s income. In
the single pathway specification, 36.56% of the estimated IGE coefficient is attributable to
the education pathway. In the joint decomposition, the explanatory power shifts to the
occupational autonomy pathway. For pathway coefficient is equivalent to 50.81% of the IGE
value.

specification and accounts for 29.92% of the RRS coefficient. Otherwise, the results
remain very close to the main specification, especially for the occupational autonomy

pathway.

3.8.2 The Intergenerational Income Elasticity (IGE)

Alternative to the rank-rank slope, I derive decomposition results based on the inter-
generational income elasticity (IGE). In the earlier literature, this is a conventional
measure to express the level of income persistence at the mean. The IGE derives from
regressing children’s averages of log income on the families’ averages of log income,
controlling for age and squared age in both generations to account for income varia-
tions over the life cycle. As with the rank-rank slope, a higher IGE value indicates a
higher level of intergenerational persistence and a lower level of economic mobility.

Here, the estimated IGE is 0.593, using family log income as parental income measure.
This implies that on average, a 10% increase in disposable family income is associated
with a 5.93% increase in children’s income. Hence, the absolute level of the IGE is
noticeable higher than the estimated RRS coefficient of 0.221, which is in the line
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Table 3.14:  Alternative income measures for IGE estimates

Parent Income HH Disposable Father HH Gross HH Gross HH Disposable
Measure Income Earnings Income Income Income
IGE 0.593*** 0.282*** 0.340*** 0.330%** 0.505***
(0.087) (0.069) (0.050) (0.054) (0.087)
Age Controls Yes Yes Yes Yes Yes
Equalized Parent Yes No Yes No No

Income Measure

N 1,245 838 1,244 1,244 1,245

Note: “**p < 0.01, *"p < 0.05, “p < 0.1. Robust standard errors in parentheses, clustered
on family level. This table presents estimated coefficients for the intergenerational income
elasticity (IGE) based on alternative income measures. These include disposable household
income (main analysis), fathers’ individual earnings, and household gross income in equalized
and non-equalized form. Hereby, equalized income is adjusted to the household composition
regarding the number of adults and minors. The results indicate that the IGE is more
sensitive towards the implemented income measure than the RRS (see Table 3.11).

with the existing literature (e.g., Chetty et al., 2014).

Table 3.13 reports the IGE coefficient and summarizes the decomposition results
based on the intergenerational income elasticity. In the single pathway specification,
education accounts for 36.56% of the estimated IGE, compared to 43.27% in the
RRS-based main results. As in the main results, the explanatory power shifts to
the occupational autonomy pathway in the joint decomposition. Here, the education

pathway is not significant.

Furthermore, the magnitude of the estimated IGE value is noteworthy. The coeffi-
cient of 0.593 is well above other results for Germany (e.g., Couch and Dunn, 1997;
Bratberg et al., 2017; Kyzyma and Groh-Samberg, 2018). This relates to the selected
income measure. Existing studies on Germany conventionally rely on individual earn-
ings rather than household income. In some cases, household gross income is used
(Kyzyma and Groh-Samberg, 2018). Therefore, I provide additional IGE results

based on these alternative income measures.

The corresponding results are reported in Table 3.14. They show that the IGE value
strongly depends on the income measure. For instance, the obtained IGE coefficient
is 0.282 based on father earnings, compared to the baseline IGE coefficient of 0.593.
As with the RRS, the equalization with OECD weights increases IGE estimates, but
to a larger extent. This indicates that the IGE is more sensitive towards implemented
sample specification rules, confirming that the RRS is a more suitable summary mea-

sure to analyze the transmission of economic status across generations.
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Table 3.15:  The alternative education measure

Total Sample

Part Percentage Part Percentage
of RRS of RRS of RRS off RRS
Education 0.066*** 27.61% 0.019** 8.33%
Pathway Variable (0.011) (0.055) (0.008) (0.037)
Occupational Autonomy 0.102*** 43.88%
Pathway Variable (0.013) (0.061)
Direct Effect of 0.169*** 72.39% 0.112%** 47.79%
Economic Background (0.029) (0.055) (0.027) (0.072)
RSS 0.235*** 100.00% 0.235*** 100.00%
(0.029) (0.029)
N 1,247 1,247

Note: “**p < 0.01, **p < 0.05, “*p < 0.1. Bootstrapped (1000) standard errors in parentheses,
clustered on family level. Here, the decomposition relies on dummy variables indicating
children’s education levels. In the single pathway specification, the obtained results indicate
that 28.17% of the RRS is attributable to the education pathway, and 8.33% in the joint
decomposition.

3.8.3 Alternative Measure for Children Education

The main specification uses years of schooling as measure for children’s education.
They increase linearly in family income ranks and are therefore well suited for the
linear decomposition. Alternatively, children’s education is expressed by dummy vari-
ables, indicating their highest educational degree (see Section 3.3 for additional in-
formation). Compulsory education serves as baseline. Table 3.15 summarizes the re-
sults. In the joint decomposition, the magnitude of the education pathway coefficient
somewhat decreases from 0.049 in the main specification to 0.021. The occupational
autonomy pathway remains on a very similar level (0.102 vs. 0.091 in main results)
and represents a central pathway contributing to the level of economic persistence in

Germany.

3.9 Conclusion

This paper explores the role of occupational autonomy as pathway for intergenera-
tional income persistence in Germany. Occupational autonomy is a task-based mea-

sure that categorizes occupations by autonomy and responsibility. The analysis relies
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on a decomposition approach to show the extent to which economic persistence is
attributable to the influence of families’ income position on their children’ level of ed-
ucation and occupational autonomy, as well as to the corresponding economic returns
to these characteristics.

Task structures are important for understanding the transmission of economic status
across generations. For Germany, the results show that approximately 40% of the
rank-rank slope (RRS) are attributable to the occupational autonomy pathway, and
20% to the education pathway. Furthermore, observed time trends indicate that both
channels become more important across birth cohorts. For the education pathway,
this relates to an increasing influence of family income background on children’s
educational outcomes. The role of the occupational autonomy pathway is further
driven by patterns in the economic returns to children’s task levels, thus connecting
intergenerational income mobility to the labor market. Children with low-autonomy
jobs are increasingly left behind.

Simultaneously, children face a significantly higher risk of ending up in a low-autonomy
occupation when their fathers already have a low-autonomy job, taking education and
other characteristics into account. This implies a transmission of low task levels across
generations and contributes to intergenerational poverty cycles.

The obtained results also highlight the role of medium-autonomy occupations. Simi-
lar to low-autonomy occupations, there is evidence for a transmission of medium task
levels from father to child. Additionally, gender-specific patterns are evident. The
higher the family income rank, the more likely daughters are to work in a medium-
autonomy job. At the top of the family income distribution, daughters are 24.1
percentage points more likely to work in a medium-autonomy occupation than sons,
although they are better educated. This provides an interesting starting point for

future research, e.g., on the influence of assortative mating on daughter’s task levels.

These findings have important policy implications. In general, there is no evidence
for a transmission of high-autonomy occupations once children’s education is taken
into account. Thus, when policies aim at increasing the access to high-autonomy
occupations, they should indeed target the access to higher education and reduce
existing inequalities between children from low-and high-income households. How-
ever, policies should simultaneously target children’s transition to the labor market,
i.e., when children make their initial career choices. In general, children’s task levels
remain stable over their life cycle or even tend to deteriorate, which makes their ini-
tial autonomy level even more important. The results imply that especially children
whose parents work at low task levels are an important target group to avoid poverty

cycles. For instance, these children might benefit from further career counseling dur-
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ing secondary education. This could provide information on career paths, funding
opportunities, and job networks which can not be provided by the family background
and support children to translate their human capital into higher economic outcomes.

So far, efforts in this direction have been limited.
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