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Kurzfassung

In der heutigen Gesellschaft existieren nach wie vor eine Vielzahl struktureller Hindernisse
fiir Personen aus sozial benachteiligten Schichten. In 6konomisch schwierigen Zeiten wie
den heutigen, in denen es von wesentlicher Bedeutung ist, eine gut bezahlte und sichere
Anstellung zu finden, ist es von besonderer Relevanz, die Ursachen fiir die bestehenden
Ungleichheiten auf dem Arbeitsmarkt zu erfassen und zu verstehen. Die vorliegende
Arbeit untersucht den Einfluss soziodemografischer Merkmale wie Alter, Geschlecht und
Migrationshintergrund auf die berufliche Aufwértsmobilitdt. Die vorliegende Arbeit stiitzt
sich auf die 6sterreichischen Mikrozensusdaten der Jahre 2011 bis 2022 und bedient
sich dabei netzwerkbasierter Methoden, zu denen Simulationen mit kiirzesten Wegen,
Zufallsbewegungen und Markov-Bewegungen zéhlen, welche aus der Graphentheorie
und Datenwissenschaft bekannt sind. Die Methoden werden adaptiert und evaluiert,
um die berufliche Aufwértsmobilitét fiir acht soziale Gruppen zu erfassen, die Personen
mit unterschiedlichen soziodemografischen Merkmalen représentieren. Die Validitédt der
adaptierten Metriken wird durch den Vergleich mit etablierten Metriken, darunter der Gini-
Koefhizient und eine adaptierte Version des durchschnittlichen Clustering-Koeffizienten,
nachgewiesen. Die Ergebnisse dieser Arbeit zeigen erhebliche Unterschiede in Bezug
auf Alter und Geschlecht. Diese Ergebnisse bestétigen die etablierten gesellschaftlichen
Ungleichheiten auf dem Arbeitsmarkt und bieten gleichzeitig eine intuitivere Perspektive
als die tiblicherweise verwendeten abstrakten statistischen Werte, da sie die Analyse direkt
mit realistischen Szenarien verkniipfen. Der in dieser Arbeit entwickelte Ansatz hat das
Potenzial, zukiinftige Analysen zu unterstiitzen und zur Entwicklung eines gerechteren
Arbeitsmarktes beizutragen.
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Abstract

Modern society still presents many structural barriers for individuals from disadvantaged
backgrounds. When securing a well-paid, stable job is crucial, as it is in economically
challenging times like today, it becomes particularly important to understand where
inequalities in the labour market take root. The present thesis investigates the influence
of sociodemographic features, such as age, gender, and migration background, on upward
occupation mobility. It utilises Austrian microcensus data from 2011 to 2022, employing
network-based methodologies, encompassing shortest paths, random walk and Markov
walk simulations, as they are recognised in graph theory and data science. These methods
are adapted and tested to capture upward occupational mobility for eight social groups,
which represent individuals with different sociodemographic features. The validity of the
adapted measures is demonstrated through their comparison with established metrics,
including the Gini coefficient and an adapted version of the average clustering coefficient.
The results of the study indicate significant disparities in age and gender. These findings
serve to confirm established societal inequalities in the labour market, while also providing
a more intuitive perspective, in contrast to commonly used abstract statistical values,
by linking the analysis directly to realistic scenarios. The framework developed in this
thesis has the potential to support future analyses and contribute to the development of
more equitable labour market strategies.

ix



“jayiolgig usipn N1 1e wud ul ajge(rene si sisay) syl Jo uoisian [euibuo panoidde ay | < any 38pajmoust InoA
JeqgbBnyian yaylolqig usipn NL Jap ue 1si 1agrewoldiq Jasalp uoisiaAfeulBuQ aponipab ausiqoldde aiqg v_U:#O__ﬁ—_m



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

Contents

Kurzfassung vii
Abstract ix
Contents xi
1 _Introduction 1
2 Related Research 5
2.1  Occupational Mobility, . . . . .. .. .. ... o 5
2.2 Wage inequality . . . . .. .. .. L 6
2.3 Random Walk and Markov Chainsl . . . . . . . .. ... ... ..... 8
2.4 Shortest Pathsl . . . . . . . ... 9
2.5 Austrian labour market . . . . .. ... .. 11

3 Methods 15
3.1 Data . . . . . e 16
3.2 __Network Construction . . . . . . . . . . . . e 21
3.3 Network Analysis . . . . . . . .. .. . 24

4 Results 31
4.1 Descriptive Statistics . . . . . . . . . ... L 31
4.2 Network Analysis . . . . . ... .. o L 44
4.3 Summary . . . ... e e e 54

5 Conclusion 59
A Standards 65
A.1 International Standard Classification of Occupations ISCO-08 . . . . . 65
A.2 Austrian Classification of Economic Activities ONACE 2008 . . . . . . 69

B Central Occupations 71
B.1 Top 5 Occupations - Social Groups below 30/. . . . . . ... ... ... 71
B.2 Average Income . . . . . .. ..o 74

Xi



75

77

|List of Figures|

79

81

Bibliography/

“}aylolgig uaip\ NL Te uud ul sjgejrene si sisay SIUl Jo UoisiaA [eulblio panoidde ayl
JegBnuaA Yayiolgig usipn N1 Jap ue 1si nagrewoldiq Jasaip uoisiaAjeulBlO apjonipal ausiqoidde aig

qny a8pajmous| JNoA

Sayloiqie



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

CHAPTER

Introduction

This thesis employs a data-driven network approach to the analysis of labour market
inequalities, proposing methods of measurement that are both reproducible and inter-
pretable. Inequalities in terms of monthly wages are observed among individuals with
diverse social demographics, with these disparities being attributed to features such as
gender, age, migration background, and educational attainment. Different studies have
focused on the impact of the mentioned sociodemographic factors on the Austrian labour
market independently, but existing literature lacks a side by side statistical comparison
of those factors. An examination of occupational mobility and income segregation from a
more comprehensive standpoint rather than a narrow and detailed focus, is missing for
recent years ([JLLW22|, [GG15], [HTWAIT]).

A major focus of this study is explainability. To this end, techniques from graph theory
and network science, namely shortest path algorithms, Random walks, and Markov
chain simulations, are adapted to the context of occupational mobility. These methods
provide a structural lens for understanding the barriers and pathways to high-income
occupations across different social groups. By utilizing real-world occupational data,
the study integrates statistical inference with graph-based algorithms to construct an
interpretable framework for analyzing group-based mobility variations. The emphasis on
algorithmic transparency and reproducibility aligns with best practices in data science
and contributes to a growing body of research at the intersection of social science and
machine learning.

Research has shown that modern society still shows many structural barriers for people
with under-privileged background ([RB11], [Die24], [HW23]). Especially the sociodemo-
graphic factors migration background, age and gender influence an individual’s career
path and job prospects. At least this is what societal prejudices tell us. But are there
truly distinct differences observable when it comes to upward occupation mobility for
individuals with different sociodemographic background or is this just something society
assumes? Based on these societal assumptions it also seems evident that it is easier for e.g.
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1.

INTRODUCTION

men to attain a high-income occupation than women. This research aims to investigate
these assumptions and determine the impact of the identified factors on individuals’
upward career trajectories by answering the following question.

What factors, including migration background, age, and gender determine upward occupa-
tion mobility?

This leads us to the question of how to actually measure and understand differences
in upward occupation mobility. The utilisation of network structures for a multitude
of purposes regarding labour market analysis has been demonstrated to yield valuable
insights ([MdF18], [dMB*21], [JT.22]). However, the concept of comparing networks
which coalesce career paths of individuals with certain sociodemographic characteristics
has not yet been employed in the analysis of the Austrian labour market. This data-driven
approach facilitates not only the application of network analysis concept but also enhances
the clarity and comprehensibility of the subject matter to non-experts. Common state
of the art methods summarize the complexity of the diverse labour market in a single
number and fail to make its entire scope visible. This is why in this research we have
explored multiple adaptions of network-centered approaches commonly known in the
field of Data Science but not yet employed to describe upward occupational mobility the
way it is presented in this study.

To ensure the validity of these approaches, we compare the results with a baseline,
grounded in well-established measures. Overall, the applied approaches fall into two
categories. In the first we observe approaches which generate a distinct score for each
observed sociodemographic group. The underlying idea is that a bigger gap between
the scores of two groups indicate more inequality between these groups. In the second,
we want to focus more on the clear and comprehensible illustration of labour market
inequalities. More precisely, we are interested in an individuals chances of attaining a well
paid job. According to assumptions and prejudices mentioned above, we would assume
that individuals with different sociodemographic characteristics have different chances in
attaining a well paid job, especially when starting at the bottom in a low paid position.
Therefore, we are simulating upward career paths and identify the first encounter with
a high income occupation. In the field of stochastic modeling this is referred to as the
first-passage time ([Red23]). Once more, the prevailing network analysis measures that
are commonly employed for the description and identification of inequalities in social
networks are utilised to assure the validity of the approach’s results. With that in mind
we ask ourselves:

How do group differences in distance measures and access to high income occupations
capture labour market inequality?

Another major focus of this research lies on how to adapt the network centered approaches
we already know to identify labour market inequalities and how the input data needs
to be prepared. Generally, when analyzing social networks it is important to not only
assume that the results are solid because they align with what society expects. In reality
various aspects including the sample size on which such a network is built upon plays a
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crucial role. In other words, if a network represents more individuals, it also represents
more career paths. This influences some of the methods applied in this research, since this
does not necessarily infer that an individual has better chances in attaining a high-income
occupation as these methods would then suggest. Another aspect refers to drawing those
samples in the first place. This is a complex but crucial task. Moreover, when simulating
one individual’s upward career path, it is not representative of the total population. But
how many simulations are necessary to obtain a representative result?

The results of this thesis should serve as a reference work on how to measure inequality
in the labour market by using historic data. This work summarizes the most important
factors and demonstrates the extent to which they are correlated with upward occupation
mobility. Moreover, the implemented approaches are tested regarding their statistical
significance and correctness based on existing measures of inequality, which reveals their
potential in explaining inequalities.
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CHAPTER

Related Research

This chapter provides an overview of the methods commonly employed in labour market
research, particularly in the context of occupational mobility, and the insights gained.
The sections on Random walks and Markov chains, as well as the section on shortest
paths, provide an outline of where the central methodologies in this work are commonly
applied, and how they have already been applied in other labour market-related research.
The final section focuses on the Austrian labour market itself, covering important facts
and its evolution over time.

2.1 Occupational Mobility

Occupational mobility is a field widely researched. It has been employed to model and
explain various different labour market related aspects. The employment of a network
approach, alongside network analysis tools and measures, is becoming increasingly
prevalent.

Recent studies have examined the impact of automation on the labour market. Research
utilising an occupation mobility network has demonstrated that network structure is a
pivotal factor in determining the influence of automation on unemployment [dMB™21].
Furthermore, working in an occupation which is highly connected to occupations less
susceptible to automation has been demonstrated to yield better chances in finding a new
job in case the current one is lost [Chr22]. Other studies demonstrated that occupation
mobility networks can also serve as a valuable instrument in the modelling of human
capital flows and the evaluation of career prospects, in addition to the assessment of
career growth potential [LWY"24]. Mobility boundaries are also shown to be able to be
detected using occupation mobility networks. The application of a flow-based community
detection algorithm has revealed that these boundaries facilitate the classification of
individuals into occupation clusters based on their shared skills [CP20]. In recent years,
transitions between occupational communities decreased, leading to a more fragmented

5
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2.

RELATED RESEARCH

labour market in the US. Based on this finding, research suggests that an individual’s
entrypoint into the labour market is more important nowadays since it can determine
someone’s career path [LH22]. The centrality of occupations within the French occupation
mobility network has shown to be related to wages, 'the unemployment duration and
the likelihood of finding a job when being unemployed’ as demonstrated by Joyez and
Laffineur [JL22|. It is evident that workers employed in more central occupations are
positively influenced, leading to higher wages and reduced risk of long-term unemployment
[J1.22].

2.2 Wage inequality

From a sociological perspective, there are different principles on how to assess wage
inequality. Baumgarten et al. [BH23| have shown in their study that Austrian citizens
most commonly use the principle of performance to evaluate social inequality. This
principle asserts that income should be based on performance, with higher performance
resulting in a higher income. Participants in the mentioned study argued that income
should be based on performance, as this principle states, and not on other factors, such
as gender. The same study also reveals that low income is often associated with female
dominated occupations. This association is indicative of the gender wage gap, a topic
which is the subject of much discussion in Austria (see [FVL19|, [BHMZ12], [BBF22]). It
refers to the differences in income between male and female individuals. Whilst some of
these disparities may be explainable by factors such as education, work experience, firm or
industry characteristics, Boheim et al. [BHMZ13| has demonstrated that approximately
60% of the gender wage gap in Austria cannot be accounted for in this manner. Even
though, as displayed in Figure [2.1, the gender wage gap is still large compared to other
European countries, it shows a clear trend of shrinking [Bun].

From a statistical perspective, several different measures have been applied in previous
research to determine wage inequality (see [BHMZ12|, [KM04], [UZP™17]). A prominent
measure is the gini coefficient, which is also applied in this research and explained in more
detail in Section [3.3.1. Also the percentile ratios and the income share of the top 5 or 10
percent of all earners are often used to describe wage inequality. Another possibility is the
interquartile range in relation to the median which describes the difference between the
.75 and .25 percentile, where a higher value indicates more inequality in the underlying
income distribution. This last measure has been applied by Unger et al. [UZPT17]
to study inequality within industrial sectors. The findings of their study indicate that
a greater proportion of women in certain industrial sectors is associated with higher
levels of income inequality. Moreover, this study’s results suggest that technological
progress does not have a significant impact on income inequality, contradicting popular
assumptions. Another popular approach, especially to explain where wage inequalities
originate, are the application of logistic regression models. Where logarithmic wage is
treated as the dependent variable, and other characteristics like gender or educational
attainment account for independent variables (see [BHMZ12|, [BHMZ13]). The most
similar approach to the one applied in this research was applied by Hofer and Weber
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2.2. Wage inequality
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Figure 2.1: Evolution of the gender pay gap in percentage for 2010-2022 in Europe
(EU-27) and Austria (Osterreich) (source: [Bunl])

[HW02], and utilizes transition matrices including transition probabilities to study wage
mobility. This approach is based on the premise that an individual transitions from one
quintile of the income distribution to another with a certain probability. The results
obtained demonstrate higher mobility for younger individuals. However, it is evident that,
in general, Austria exhibited low wage mobility in the early 90’s, with the probability of
transitioning more than one quintile within a six-year period being small [HW02]. In
addition, an association was identified between occupational mobility and wage inequality.
This finding was supported by a general equilibrium model, which was developed using
data on the United States labour market. The model incorporated occupation-related
human capital and work experience [KM04].

Besides focusing on overall and gender related wage inequality, such inequalities can also
be observed regarding migration background. It is important to note that disparities
may emerge when comparing immigrants who have accumulated human capital, such
as education or professional experience, within their host or origin country. Holbrows’
[Hol18|] research indicates that the quality and wealth of an individual’s country of
origin are significant factors in this regard. Individuals immigrating from developing
countries often have less quality education and encounter greater prejudicial attitudes,
consequently resulting in lower income when compared to immigrants from higher quality
origin countries. Additionally, unmeasurable factors, such as language barriers and a lack
of familiarity with the host country’s business practices, may contribute to this observed

inequality [HolI§].
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2.

RELATED RESEARCH

2.3 Random Walk and Markov Chains

The random walk theory has been employed to model the career progression of an
individual by van Uem [vU23|. Consequently, this model is utilized for the purposes of
forecasting and planning within organisational settings. Moreover, Lopez et al. [LGA20)]
established that this method is also applicable in inter-organisational contexts, modelling
the transition of workers between firms. Through the utilisation of existing data to
establish a network that represents these movements, the constraints encountered by
individuals during transitions can be effectively summarised. Random Walks are then
applied on the resulting network to study occupation mobility which can have practical
impact [LGA20]. Another significant application of random walks on social networks is
the measurement and detection of segregation. Ballester and Vorsatz [BV14] utilized
random walks for defining a novel segregation index, the probability of an individual
meeting another individual from the same social group. This walk is performed on a
graph representing geographic areas, where connected nodes represent neighbourhoods.
The resulting probability is therefore a measure of residential segregation.

Other research has employed random walks to simulate career paths or social representa-
tions as mentioned below. In the labour market related research by Liu et al. [LWPT23]
random walks are implemented as part of a deep occupational representation learning
model with the aim of understanding the complexity of occupational connections. More
precisely they applied biased random walks for simulating career paths. Meaning, the
walk is not entirely random but is guided to some extent to represent the different
attitudes of individuals. Individuals who are exploratory and transition to entirely
different occupations are reflected by a depth-first search, which samples sequentially
connected nodes that are distantly connected to the starting point. In contrast, a
breadth-first search samples nodes that are directly adjacent to the starting point and
therefore reflects more cautious individuals who seek to transition to similar occupations
[LWP™23]. Similarly, Perozzi et al. [PAS14] model numerous short random walks to
learn social representations, which are regarded as latent features of network nodes that
encapsulate neighbourhood similarity and community membership. The simulation of
these short walks enables the accommodation of minor alterations in network structure,
circumventing the necessity for global recomputation. The underlying principle of Perozzi
et al’s algorithm known as DeepWalk is derived from language modelling, wherein walks
are conceptualised as short sentences. DeepWalk has also been adapted for use in a
variety of different contexts, including human mobility in geographic terms. In general,
random walks are widely applied in this field not only because previous studies have
shown that human mobility patterns are similar to scale-free random walks [BHGOG].
Research on urban transportation networks has incorporated generalized travel costs into
the original DeepWalk algorithm to ensure that the generated random walks are more
realistic. This approach leads to improved results in this area, especially when the walk
length is low [GLZ24].

Another study in the geographical context attempted to predict individuals future loca-
tions including residence time based on statistical Markov state space models [KRS™*17].
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2.4. Shortest Paths

Another algorithmic framework proposed by Grover and Leskovec [GL16] is called
node2vec. It aims at learning feature representations of nodes within any social network.
Again biased random walks are employed to explore neighborhoods. Its novelty lies in the
introduction of two parameters that guide the walks. These parameters set the likelihood
of immediately revisiting a node in a walk and can control the extend of depth-first
or breadth-first search behavior. This makes node2vec flexible and controllable whilst
results show promising performance [GLI16].

2.4 Shortest Paths

The shortest path problem has not been employed in explaining inequalities in occupa-
tional mobility at the same level of granularity as presented in this study. However, it is
used in labour market related studies and in the more general context of social network
analysis (see [LZM13], [GVRZ12], [dSG21]). Lungu et al. [LZMI3] observe occupational
mobility of female and male higher education graduates by employing shortest paths.
They created a separate occupation mobility network, similar to our approach, for male
and female individuals. In addition to centrality and other network metrics, the average
path length and the longest distance between any two occupations are used to highlight
inequalities. When both metrics have a low value, it indicates a higher connection be-
tween the nodes [LZM13]. An alternative approach, however, applied to a different field,
namely logistics, also employs the shortest path problem. The similarity to our study
can be found in the fact that the overall network is divided into several sub-networks. In
this approach, shortest paths are detected from a node starting in one sub-network and
ending at a node in another. However, this is only part of a bigger algorithm presented
[GVRZ12].

Determining shortest paths can also serve as a useful tool to facilitate the matching of
individuals with occupations, a process that is of particular relevance to both job seekers
and recruiters. When the shortest paths, based on a network representing skills and
occupations, are computed, the most efficient transitions between all pairs of occupations
can be identified. Edge weights, representing the similarity of the occupations in question
based on their skill sets, are incorporated into the process. The implementation of this
methodology can assist an individual seeking employment in their search process [dSG21].
Granovetters’ [Gra73] introduction of the concept of strong ties, representing frequent
contact, and weak ties, representing rare contact, between individuals, has allowed for
the drawing of interesting conclusions connected to the employment rate and inequality.
Ozer and Perc |[OP21] state that there are connections between shortest path length and
such weak ties which often serve as bridges within networks. Where the removal of a
weak tie from a network results in the removal of a path, which leads to an increase in
shortest path lengths enhancing inequality. Adapted to the labour market, this means
that increasing the average path length also increases the total unemployment in networks
which already capture a high unemployment rate. Strong ties are also important, they
play a pivotal in reducing network distance, as argued by Ozer and Perc. Thereby their
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research highlights the necessity to identify the most significant ties within a network,
given that the ratio of these ties can influence equality.

A social network typically consists of nodes representing users and edges representing
communication between said users. Calculating the shortest path between users has been
demonstrated to facilitate the identification of indirect connections, a result which can
be advantageous in a variety of contexts, including the recommendation of products or
studying the behavior of information spreading [GLW™16]. A comparative analysis of the
most commonly applied shortest path methods, including the Dijkstra and Bellman-Ford
algorithms, has revealed that the former is particularly well-suited to social networks due
to its faster execution time [SP23]. Ahmad et al. [AAV17] showed that in terms of social
search algorithms in online social networks an influence based strongest path algorithm
outperforms the traditional Dijkstra algorithm. They defined the influence of one node
on another as the proportion of one node’s investment on another node. The focus of
Nawaz et al. [NULI14] has been on analysing the paths themselves to anticipate the
behaviour of traversal algorithms on real-life networks, rather than on performance. Their
empirical analysis shows that nodes with a high degree appear in the majority of shortest
paths found, whilst those with only an average degree are not considered by the Dijkstra
algorithm at all. However, it is important to note the poor performance, as presented
by Zhao et al. [ZSZZ11], of the well-known and frequently mentioned algorithms of
amongst others Dijkstra and Floyd-Warshall when scaled to network size. Despite this,
they argue that the analysis of large networks is becoming increasingly important due
to the numerous applications it has, such as recommending an item to a similar user.
Their approach to address this issue is to use graph coordinates to approximate distances
between nodes by embedding the network in question into a hyperbolic space. Zhao
et al. have shown that this approach, known as Rigel, results in more accurate and
faster results than traditional algorithms. Another approach presented by Maoguo et
al. [GLWT™16] aims at improving time efficiency by maintaining the accuracy scale of
shortest paths. With the community feature being a very important characteristic of
social networks, this approach is based on community detection. A community is defined
as being a group of nodes with similar properties or roles within the network. They
created a so called community graph based on the detected communities, where each
node represents a community. Based on the community graph the community paths are
calculated and a sub-graph, from which the shortest path is calculated, is defined. This
narrows the search space which explains the time efficiency [GLWT16].

According to Rezavnian and Meybodi [RM15], sampling is a pivotal method in the
analysis of social networks, particularly in the domains of preprocessing, characterisation
and the study of real networks. It facilitates the observation of a network’s components
while preserving its essential characteristics. A recently developed sampling method has
demonstrated enhanced performance in comparison to conventional approaches, such
as random edge or node sampling, and random walk sampling. This method employs
shortest paths to define a subgraph of the original network, encompassing a specified
percentage of high-ranked edges. Edges are previously ranked based on their frequency
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of appearance in the shortest paths which is computed on the original network [RM15].

2.5 Austrian labour market

The Austrian labour market is subject to constant change influenced by digitalisation
and technological change as well as demographic developments. Hence, much research
is available about labour market related aspects like unemployment rates or income
distribution (see previous Section about wage inequality) [EBEMIg|. The following
presents the most relevant facts and statistics about the current labour market situation.

The age at which an individual may first enter the labour force is dependent upon their
educational trajectory. The earliest age at which a person may access the labour market
is 15 years. Upon attaining a minimum insurance period, individuals of a certain age are
entitled to a retirement pension, which is designed to ensure financial security. It should
be noted that the legal retirement age differs for men and women and is subject to regular
adjustments. While the retirement age for men is currently set at 65 years, women are
required to continue working until the age of 61 [Bun24]. Consequently, Statistik Austria
defines the prime working age as the interval between 15 and 64 years [KM24].

To ensure fairness to some extent in the labour market, collective agreements are ne-
gotiated on an annual basis between the chamber of commerce and the Austrian trade
union federation for each economic sector. The specific collective agreement applicable
is determined not by the individual’s job but by the sector in which the company is
located. Such agreements inter alia set the minimum wages and determine the number
of standard working hours per week [Wir25].

2.5.1 Statistics

On a quarterly basis, Statistik Austria publishes statistics with regard to the labour
market, which are based on the Austrian microcensus (further details can be found in
Section 3.1). The results from each quarter are summarised in a yearly labour market
statistic. The following facts and numbers, if not stated otherwise, are taken from
the Arbeitsmarktstatistik 2023 [KM24], since this is the most recent yearly publication
available.

In essence, the labour market has demonstrated notable robustness, despite a decline in
economic activity in recent years. This is evidenced by comparable numbers of employed
individuals. In 2024/3 (the third quarter of 2024), the employment rate was only 0.1
percentage points lower than in the previous year (2023/3) [Kla24]. In 2023, 74.1% of
all individuals between 15 and 64 years were employed (incl. self-employment). The
employment rate in 2023 was higher for men, 77.9%, compared to women, 70.3%. A
comparison of the employment rate with that of 2022 reveals an increase, which can be
partly explained by the rising number of employees in part-time jobs. However, distinct
differences between men and women are observable, which can be explained by childcare
and other care work typically carried out by women. Approximately 50% of employed

11
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women and only around 13.4% of employed men work part-time. Other factors, such
as age and education, also influence part-time employment rates. For instance, 58%
of women aged between 35 and 44 years work part-time, whereas men aged over 60
had a higher chance of working part-time than younger men. In addition, educational
attainment appears to influence part-time employment rates. The data show that higher
education is associated with a higher probability of working part-time in case of men,
where the opposite holds for women.

Looking at occupational groups, such differences in gender become more distinct. Occu-
pational groups are defined by the international standard classification of occupations
(ISCO) on different granularity levels. The following refers to the level 1 groups, where
a complete list can be found in the Appendix A.1. 90% of employees in Craft and
Related Trades and 64.7% of individuals working as Managers were men. Clerical support
(68.5%) and Service and Sales (66.1%) occupations were dominated by women. Out
of all working individuals, the largest amount was employed, whilst only 11% were
self-employed. Economic sectors are defined by the ONACE 2008 standard and again
listed in the Appendix |A.2. The most prominent sectors, which can be summarized as
Service sectors (sectors G-U), saw the highest increase in the number of employees. 71.7%
of employed individuals were working in this field. The largest decrease in number of
workers was found in the sectors of industry and commerce (sectors B-F), in which still
roughly a fourth of all employed individuals were working in.

Income tax data as well as social insurance data act as a data basis for the following
income related statistics for 2022. The median net income in 2022 was € 2,330. Again
differences between men and women are very distinct and hence highlighted in the annual
labour market report. On average, men earn €2,651, while women’s net income is much
lower, averaging only €1,951. When dividing the net income into income categories,
namely ten equally sized decile, this difference can be observed more granulary. Like
also displayed in Figure [2.2, only about one third of all employed men, but nearly two
thirds of all employed women are found in the lower half of income. Overall women are
overrepresented in the lower and men in the upper half of the income decile.

Similar to what was mentioned above, educational attainment also influences an individ-
ual’s median net income. The highest differences were found between individuals with
at most compulsory education and those with a university degree. The latter received
almost twice as much net income. Moreover, the occupational position is also correlated
with income. Civil and contract workers had an average income one third above the
average income among all employed individuals. However, also other aspects like the
higher age and better education among employees in this position need to be considered
to draw appropriate conclusions. Focusing on economic sectors, the highest income was
found in industry and commerce, whilst agriculture has the lowest income.
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CHAPTER

Methods

The work can be split into 5 major steps which are summarized in the following framework.
As displayed in Figure 3.1 it starts with pre-processing and getting familiar with the
data. Part of it is dividing the Austrian population into 8 social groups based on
sociodemographic features. A detailed explanation on the employed methods to define
these groups is given in Section 3.1.3. Based on the clean data, occupation mobility
networks are constructed. Such a network represents transitions between occupations,
where more details will be explained in Section 3.2 This construction process is repeated
for each social group separately. Lastly, a thorough analysis and comparison of these
networks is conducted. Three different approaches, namely shortest paths, random walks,

Data Pre-processing rQrQ;Q\ Q, 2

i of NetworkAnal sis
per group @ Network -\ ¥
q Construction
ili Upward career path ‘
' simulations
entire
-

(Random/Markov Walks)
Background Analysis \ Quantitative Analysis J

' Random Sampling

Define 8 social groups sample of a
12%91 (QXQWQ}Q% social group »
Cerlear]
202,202,202,

Distance measures
(Shortest Paths)

Figure 3.1: Framework - Main steps followed in this thesis to investigate inequality in
upward occupation mobility
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and Markov simulations, are introduced to describe discrepancies between the networks
in an explainable manner. Each of the steps mentioned are explained in further detail in
the following sections.

3.1 Data

All results presented in this thesis are based on the Austrian Microcensus Labour Force
Survey / Housing Survey and income data provided by the Austrian Social Science Data
Archive (AUSSDA). AUSSDA is a platform especially for the social science community
offering services to support research. These include data archiving but also help with
data re-utilization. Their main goal is to make data accessible and usable [The25]. The
Austrian microcensus is a mandatory random sample survey that collects information
on a range of subjects including work, living, and education. Being the largest regularly
conducted survey in Austria, 22.500 households are interviewed each quarter based on a
specified set of questions. The dataset used for this thesis is an anonymised and already
imputed version of the microcensus data for scientific use [Aus22|]. Imputed means that
some variables were not explicitly asked for in the microcensus interview, but derived
from an individual’s answers to other questions asked in the interview. If selected from
the central population register, one gets interviewed five quarters in a row. This means
that each quarter one fifth of the respondents are new [MGKI16]. Hence, it is possible to
e.g. detect occupational transitions that happened within this time period. Additionally,
income data provided by Statistik Austria are used to determine low and high-income
occupations as well as wage discrepancies between groups.

3.1.1 Pre-processing

When starting this thesis, the microcensus data was available for the years 1970 to 2024
(1st quarter). The income data, which has to be requested at AUSSDA, however was
available for the years 2011 to 2022. Moreover, the microcensus data before 2000 differ
to more recent data in terms of inconsistent variable naming and different file formats.
These are the reasons why the research focuses on the time frame 2011 to 2022.

Whilst the only cleaning necessary for the income data is to remove entries with missing
information on the monthly net income, the microcensus data needs more preparation.
Each year is provided in a separate file (see [Aus2lal, [Aus21b], [Aus21c|, [Aus21d],
[Aus20a], [Aus20b], [Aus20c]|, [Aus20d], [Aus20¢]|, [Aus20f], [Aus2le], [Aus22]). Some
variables are only available for some years and others are named differently throughout
the years. The first step therefore is identifying useful variables for this specific use case
that are also available for the entire time frame. Due to the different naming schemes
across the years, variable name mappings are implemented. Once each year is filtered
and renamed accordingly, they are merged into one major dataframe.

After performing the necessary steps, income and microcensus date are merged. This is
possible by a combination of the three variables, person/household id, year, and quarter,
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which also uniquely identifies a person. Lastly, the data is filtered to only contain people
that are in the workforce, meaning everyone who is not unemployed, as well as entries
that contain information on income, education, migration, age and gender.

3.1.2 Important Variables

The dataset offers ~248 variables, representing an individual’s answers as columns,
and ~43.000 observations, representing an individual’s interview as rows, per year to
analyze [Aus22|. Only a selection of variables that is personal, migration, education, and
occupation related is relevant in this research. The most important variables are briefly
discussed below.

In order to uniquely identify a person, a combination of three variables is necessary. Since
the same person only gets interviewed once every quarter, the combination of year and
quarter help identifying a person. The third variable is composed of the household and
person identifier. Each household has a unique identifier. Within one household each
person is assigned a consecutive number [Aus24|. If, e.g. two people live in household
1234, one person gets assigned the identifier 1 which leads to the household/person id of
123401, whilst the second person ends up with 123402. A look into the data shows that
the household/person id is unique throughout the years and the year and quarter are
solely used for to double check if an observation is truly unique.

Since only a small sample from the entire Austrian population is interviewed each quarter,
the data obtained is not representative of the true population. This bias is reversed
by introducing the variable weight as described by Meraner et al. [MGKI16]. Each
person in the dataset is assigned a weight based on how many people they represent.
The basis of computing the weight is the so-called design weight, which is the inverse
of the selection probabilities. In other words, the design weight states how likely a
household was to be chosen. In addition to the design weights, sources such as the
statistical population register are used to retrieve population totals, such as age, which
are then used to calibrate the weights using the iterative proportional fitting procedure.
This procedure computes calibration factors which adjust the initial weights to ensure
that the population estimates align with the known population totals mentioned above.
More precise details about how the weighting process works can be found in ([MGKI16],
[MGK15]).

Employment related variables are based on a standard from the International Labour
Organisation (ILO). This offers the possibility to compare the data with that of other
countries [MGK16]. The occupation is defined by the international standard classification
of occupations 2008 (ISCO-08). ISCO-08 classifies all jobs into 436 categories, where
these categories are aggregated into several levels of less detailed categories [Off12]. In
this research the four-digit level is used to define the occupations, and the two-digit
level to define occupational groups [Aus24].

The monthly gross and net income are the two available income variables. It was
decided to use the net income for the analysis. This is because it represents the actual

17
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amount of money available for an individual and is therefore better suitable to analyze
real financial discrepancies between people.

3.1.3 Social Groups

Since the thesis aims at explaining labour market discrepancies for different social groups,
these groups need to be defined first. This grouping process is based on individuals’
sociodemographic features. The observed features are as follows: migration background,
level of education, age, and gender. The dataset already provides a categorization for
those features as shown in Table [3.1. Using all possible combinations would lead to
comparing 432 groups. Moreover, the group sizes would become too small to obtain
statistically appropriate results. It is therefore necessary to combine certain categories
into social groups.

features migration background L education level L age Lgender

no migration background primary 20-24 | male
first generation lower secondary 25-29 | female
second generation upper secondary 30-34
post-secondary 35-39
short-cycle tertiary 40-44
bachelor’s or equivalent | 45-49
master’s or equivalent | 50-54
doctoral or equivalent | 55-59
60-64

available categories

Table 3.1: Observed sociodemographic features and their categories provided by the
dataset

The challenge which arises here is to ensure internal coherence of the new groups in
socioeconomic terms and to not falsify the results by e.g. combining two categories which
have a different impact on a person’s income. An analysis is carried out to check which
categories are commonly grouped in previous studies and which categories have a similar
income distribution and can therefore be grouped together. The use of significance tests
for comparing underlying income distributions such as the Kolmogorov-Smirnov test or
ANOVA is not an option due to the large and varied sample sizes. Applying statistical
tests on large samples, even small and irrelevant differences can appear statistically
significant. This might lead to misinterpretation of the two samples as being significantly
different [SF12]. To avoid such Type II errors, wrongly concluding there is a difference,
the following decisions rely on the effect size Cohen’s d, the Wasserstein distance and
visual aids. The resulting grouping decision is presented in Section [4.1.2.

Cohen’s d

The effect size measures the 'magnitude of the difference between groups’ as stated by
Sullivan and Feinn [SF12]. Cohen’s d, which is a common effect size measure, is used
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in this research. Sullivan and Feinn recommend that this measure is utilised during
the planning stage in order to ascertain a suitable group size for the research being
conducted. Essentially, it quantifies the discrepancy between the means of two groups,
where a small value (~0.2) signifies higher and a larger value (~0.8) indicates less overlap
of the underlying distributions [SE12]. As introduced by Cohen [Coh87], Cohen’s d is
defined as:

ma — Mmp

d= (3.1)

where m is the sample mean of group A and B. The o represents either standard
deviation. Cohen assumed the standard deviation of both groups equal. According to
Aoki [Aok20] the assumption of equal standard deviations between two groups is often
inaccurate in practical applications and is therefore a fragile assumption. Hence, Aoki
refers to using the pooled standard deviation. The adapted Cohen’s d is defined as:

ma —mp

d= (3.2)

(nA—l)*a%—l—(nB—l)*ag
na+ng—2

where m is the sample mean of group A and B. The denominator incorporates the
sample size n of group A and B as well as the standard deviation o of each group. This
version incorporates the variance of both observed groups and therefore leads to a more

reliable measure [Lak13].

Wasserstein distance

The Wasserstein distance represents the required effort of transforming one distribution
into another no matter the kinds of underlying distributions. Contrary to other popular
statistics, it considers differences in spread, skewness and location of the underlying
distribution. Therefore, it is utilized to compare income distributions which often tend
to be skewed or for goodness-of-fit testing [PZ19]. Comparing the distribution u and v
Ramdas et al. [RGC15] define the Wasserstein distance as:

hiu,v) = inf [ |z —yldr(z,y) (3-3)
wel(u,v)

where T'(u,v) denotes the set of all joint distributions 7 whose marginals are u and v.
The x stands for the probability of u at position z and y denotes the probability of v and
position y. A higher distance indicates larger dissimilarity of the compared distributions
or more effort of transforming one distribution into the other [PZ19].
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Violin Plots

As visual aids, violin plots are employed. Introduced by Hintze and Nelson [HN98|, violin
plots combine a boxplot and the density trace into one single plot making it intuitive to
compare distributional factors of multiple variables.

3.1.4 Random Sampling

The social groups that have been defined above vary in size. Within the observed time
frame, the smallest group that are women with migration background below 30 contains
~332.000 unique people. Whilst the largest one consists of ~3.220.000 unique people and
represents men without migration background above 30. In order to avoid any possible
group size bias, simple random sampling (SRS) as described by Noor et al. [NTG22] is
employed. It ensures that every individual is selected to be part of the sample with equal
probability, which is not necessarily true in random sampling. SRS is especially useful
for scenarios where the research participants are randomly selected from a homogeneous
population as stated by Noor et al. This is especially crucial for comparing the shortest
path measures between groups calculated later in this work. Larger samples capture more
connections resulting in more dense networks. These additional connections and nodes
are not caused by structural differences but by scale. The sample size of the random
samples is the sum of weights of the smallest social group. The entire sampling process
described below and shown in Figure 3.2/ is performed 10 times for each social group.
The repetition is employed to again avoid a possible bias that might occur due to the
random choice of individuals.

It starts with filtering the data by social groups. Then, unique individuals are selected
on the basis of their identifier. All individuals are shuffled and the first individual’s
weight is taken as a starting point. Every subsequent individuals’ weight is added to
the cumulative weight of the preceding individuals. Until the sample size is reached,
this process is continued iteratively. This step ensures samples of comparable size, each
sample consisting of a selection of individuals with the same social group. Based on
each sample a network is constructed as described in Section |3.2 and the analysis as
described in Section 3.3|is carried out for each network. This leads to 10 random samples
per social group as well as one network and analysis per random sample. To enable
comparison across social groups, the measures calculated in the analysis process are
aggregated within each social group. Specifically, the average of each measure obtained
from the analysis is calculated across the ten random samples to provide a representative
summary of each social group.
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Figure 3.2: Simple Random Sampling Process for a social group

3.2 Network Construction

The construction of the occupation mobility networks is performed for each sample of
every social group separately. This process is wrapped into a pipeline, which comprises
the random sampling process described in the previous section and the construction
process outlined in Section 3.2.3. This facilitates the reproducibility and efficiency of the
construction process. The following explains the basics of occupation mobility networks,
how their transition probabilities are being calculated as well as the construction process
itself and which tools are used.

3.2.1 Occupation Mobility Network

An occupation mobility network as presented by Mealey et al. [LWY™24] is a data-driven
approach to analyze the transition behavior of a group of people in the labour market. It
is a directed Graph G that consists of a set of nodes V' that represent occupations and a

set of edges E which represent transitions between occupations as displayed in Figure [3.3.

For instance edge e(i,j) € F represents a transition between occupation ¢ and occupation

j, where i, € V [LWY24]. Moreover, each node and edge can be addressed attributes.

These are useful properties to store additional information like the transition probability
P; j) between the occupations 7 and j, namely the probability that the corresponding

edge e(i, ) is followed [MdFTS].

3.2.2 Transition probabilities

The probability of any person transitioning from one occupation to a connected other, is
given by the transition probability. This probability P of transitioning from occupation ¢
to occupation j, as stated by Mealy et al. [MdF18] is denoted by:
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Figure 3.3: Basic structure of an occupation mobility network where nodes represent
occupations and directed edges represent transitions from one occupation to another
(based on del Rio-Chanona et al. [dMB*21]

(3.4)

Namely the number of individuals that transitioned from occupation ¢ to occupation j
(T;;) divided by the number of people that transitioned away from occupation i (7;). In
this work, each individual is additionally weighted according to their assigned weight.
For example, if an individual has a weight of ten, this indicates that they represent
ten Austrian individuals with similar characteristics. Consequently, such a case is
interpreted that not one but ten individuals transitioned from occupation 7 to occupation
j. Incorporating the weights of individuals leads to the weighted transition probabilities
denoted by the following formula:

> Wy

CIIGTZ‘]‘

Zwy

yeTi*

P = (3.5)

where 7;; represents a set of individuals that transitioned from occupation ¢ to occupation
j and T;4 denotes a set of individuals that transitioned away from occupation i to any
other occupation. The weight of an individual is denoted by w. The calculated weighted
transition probabilities are stored as edge attributes. Following the execution of this
calculation, the occupation mobility network can also be regarded as a Markov Chain.
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3.2.3 Construction process

After regrouping the variables holding the key features migration background, age, and
education according to the final groups from Section [3.1.3, random samples are drawn
for each social group and separate networks are constructed as described in the following.
Since the personal information like the unique person identifier is lost and only aggregated
values per occupation are kept in this process, the construction is based on the samples
created previously.

It starts with determining occupation transitions. As stated previously, each individual is
represented in the dataset up to five times. Therefore, it is possible to filter those people
who have stated different occupations in consecutive interviews. Next, the variables new
occupation and old occupation, which hold information about an individuals current
and previous occupation, are introduced. Based on this information, the transition
probabilities are calculated according to Equation 3.5. This results in a transition
probability dataframe, where each entry represents an old and a new occupation as well
as the weighted probability of transitioning from the old to the new one.

Each unique occupation code, combining old and new ones, is added to an empty directed
graph as a node. All transitions extracted from the previously mentioned transition
probability dataframe are added to the graph as edges. On average the created networks
contain ~100 nodes and ~570 edges. Lastly, several node attributes are added. Those
include the average income per occupation. In this study, the weighted mean monthly net
income for each occupation is calculated based on the social group as a whole. Even for
the same occupation, the mean monthly net income can vary across different social groups,
indicating inequality. Furthermore, the occupation name and more general occupation
category are added as node attributes. This facilitates a clearer interpretation and allows
analysis results to be more directly linked to real-world scenarios and assumptions. In
addition, the percentage of people working in each occupation, as well as the share of
people with low, medium and high education working in each occupation, are added as
node attributes. The share of people S with a certain feature, e.g. low education level, is
calculated as follows:

F.
S; = ? * 100 (3.6)

)

where F; stands for the amount of people with the feature in question working in
occupation i, and T; being the total number of people working in occupation ¢. In order
to express the result as a percentage, it further is multiplied with 100.

Finally the network is saved and can be reloaded for further use either using networkx
for calculating measures or using gephi for a visual analysis.
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3.2.4 Tools

For constructing and later analyzing the network, the open source python package
networkx is used. Networkx can be used for creating, manipulating and analyzing complex
network structures. The software under discussion also provides implementations of
numerous graph algorithms, including shortest paths and structure measures. It is
well-documented and straightforward to integrate into Python code. Furthermore, it
offers the option to save the network in several popular file formats, thus facilitating
further use in a range of tools, including Gephi [HSS0S].

3.3 Network Analysis

This section focuses on the difference between occupation mobility networks for the social
groups defined previously. Starting off with an exploratory analysis, centrality measures
are computed for each group. The analysis offers insights and shows inequalities between
social groups, which justifies further investigation.

The following presents three distinct methodologies for demonstrating an individual’s
chances of securing a position in a high-income occupation after starting out in a low-
income occupation. These methodologies are shortest paths, Random walks and Markov
simulations. The other approaches listed are utilised as a baseline for the purpose of
verifying the results. However, before applying the necessary computation, the step of
categorizing occupations into low and high-income occupations needs to be conducted.
Based on the entire Austrian population within the observed time frame of 2011-2022,
the thresholds for an income being considered as low or high are defined. Whilst an
income is considered low if it is below the 25 percentile (< € 1386,-), it is considered
high if it is above the 75 percentile (> € 2692,-). With those values set, for each
network individually the occupations are categorized into low, medium, and high-income
occupations considering the average income per occupation per social group, which was
calculated and stored as node attribute when constructing the network.

3.3.1 Gini Index

The Gini index is a popular measure to highlight inequalities of any distribution, like
the income distribution of a population [Has23|]. Throughout the years, many different
formulations of the Gini index were published [CV12]. Originally it was developed in 1912
by Gini and is highly associated with the Lorenz curve. In other words, the Gini index
measures the ratio of the area between the Lorenz curve and the equidistribution line
to the area of maximum concentration [BLO6G]. The Lorenz curve is a line representing
the cumulative shares. Namely, the share of the total income earned by which percent
of the population. In a perfect world where income is shared equally, this would be a
straight line, as e.g. 30% of the population would earn 30% of the total income. Hence,
the Lorenz curve describing this perfect scenario can also be referred to as the line of
equality or equidistribution line as stated by Donovan [Don25]. The Gini index measures
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the difference between this perfect scenario and the actual curve. In case the calculated
result is close to 0, the area between the curves is small, the income can be interpreted
as being equally distributed. A 1 indicates that the income is not equally distributed

amongst the population [Has23].

Being such a popular measure of income inequality, the Gini index is used as a baseline
for the further computed measures.

3.3.2 Shortest Paths

A common problem in Graph theory is the one of shortest paths. It aims at finding the
shortest route between two vertices or nodes within a graph. This problem can also be
found in many real-world scenarios, like maps or in case of this research occupational
connections. There exist several well-known algorithms to conquer this task. They include
Dijkstra, Bellman-Ford and other algorithms [MMJ13]. For this research, the Dijkstra
algorithm is used to detect shortest paths between low and high-income occupations.
This algorithm is based on the assumptions that all edge weights are positive, there is a
finite number of nodes and the starting point is always a single node but the target can
be any other node [Che03]. The basic process looks as follows [MM.J13]:

1. start at any low—-income node S
mark distance = 0
mark all other nodes distance =

2. select non-visited node with smallest distance
3. for each neighbor

calculate distance

> distances from previous to current node

if new distance < currently known distance
update distance
4., if there are unvisited nodes
continue with 2.
if all nodes are visited
end

This research focuses on paths between low an high-income occupations. Hence, all
possible shortest paths, starting at an occupation categorized as low income and targeting
high-income occupations, are calculated. That way it is possible to determine the number
of shortest paths available. The rationale behind this value is to compare if each social
group has similar number of connections between low and high-income occupations.

Secondly, the average shortest path length between low and high-income occupations is
computed. Again, discrepancies might occur since one social group might averagely need
to visit more nodes to reach a node considered high income when starting at a low income
node.
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Possible significant disparities observed between the two calculated measures for the
designated social groups suggest the presence of inequalities in occupational mobility.
These disparities serve to illustrate the varying opportunities available to individuals
from diverse backgrounds in attaining high-income occupations.

3.3.3 Random Walk

The objective of the random walk is to simulate the career path of an individual. Where
the walker represents the individual person. At each step a random successor of the
current node, representing an occupation, is selected as this individual’s next occupation.
Although in practice individuals do not typically select their subsequent occupation at
random, such approaches have been demonstrated to yield favourable and surprising
outcomes in similar contexts. Such models are popular not only because of their simplicity
but also generality [RM21]. On the other hand, one can argue that there is a certain
randomness involved when selecting a new occupation. A person might be introduced to
some colleague or friend who influences them choosing a different career, or they simply
want to completely reorient themselves professionally. Hence, the new occupation choice
may seem random from the outside.

Contrary to related work, our walks always start on a randomly selected low-income
occupation. The stopping criteria is defined based on the expected outcome. The two
outcomes capture different aspects of upward occupation mobility. Outcome 1 captures
the required effort measured in the number of steps of an individual to secure a high-
income occupation. In this scenario a random walk stops once a high-income occupation or
a maximum number of steps is reached. A high number indicates bad prospects in terms
of reaching a high-income occupation. In other words, a large number of steps represents
more complex career paths, suggesting limited upward occupation mobility. Whilst a
lower number showcases high connectivity between low and high-income occupations
and indicate better chances in working in a high-income occupation. Large discrepancies
between the resulting values for the different social group can hence indicate inequalities
in the labour market.

Outcome 2 captures the likelihood of success or in other words the probability of reaching
a high-income occupation after a certain number of steps. In that case a walk stops after
the defined number of steps or if a high-income occupation is reached. A high probability
on reaching a high-income occupation, indicates a high connectivity between low and
high-income occupations. The larger this value, the higher the chance of reaching a
high-income occupation after the given amount of steps.

Combining the two outcomes provides a comprehensive overview of the labour market.
Together, they demonstrate the length of career paths and the likelihood of securing a
high-income occupation. In order to obtain statistically relevant results, 500 random
walks are performed.
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randomly select low income occupation

while True:
if occupation has successor
select random successor from current occupation
else
break

if selected occupation is considered high income
break

if maximum number of steps (30) is reached
break

else
continue

3.3.4 Markov Simulation

A Markov process or Markov chain is a discrete-time stochastic process that fulfills the
Markov property. This property defines a process for which each state is determined
exclusively by the preceding state and does not depend on any further past values .
Mathematically this property requires that for all subsets S of states s the following
holds:

Prob{siy+1 € S|st = P;} (3.7)

where ¢ € N being a time sequence, where in each time step the process is in a specific
state s. The state s;y1 solely depends on the previous state s; and no further historic
information is necessary [Her(02]. Transition probabilities are used to describe the
likelihoods of moving between all states from one time step ¢ to the following ¢ + 1.
By moving a walker, whose decision on where to move next is defined by the specified
transition probabilities, is then a simulation of the Markov chain [AH19].

In the context of this research, the potential states are defined as occupations, with the
transition probabilities denoting the probability of switching from one occupation to
another. In the absence of a connection between occupations, the transition probability
is considered to be equal to zero. The simulation setup is similar to the one in Section
3.3.3. Namely, each simulation starts in a state or occupation considered low income. It

ends as soon as a state labeled as high income or a specified number of steps is reached.

Again, two different outcomes are sought. One being the average number of steps needed
until a high-income occupation is reached, and the other one being the probability of
reaching a high-income occupation after a certain amount of steps.
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N

(a) in-degree centrality - Dark blue node (b) out-degree centrality - Dark blue node

a has an in-degree centrality of 4, since 4 b has an out-degree centrality of 3, since
arrows point towards it. Its weighted in- 3 arrows lead away from it. Its weighted
degree is 20 4+ 10 + 40 + 20 = 90. out-degree is 10 + 20 4 40 = 70.

Figure 3.4: Visualization of how to calculate in- and out-degree centrality in a weighted
occupation mobility network

3.3.5 Centrality and Clustering

Centrality measures are widely used in network analysis to describe phenomena like
social influence [PZCT18], detect opinion leaders [PLDP17] or detect the source of rumor
[SA19]. The bare concept of centrality is very important in understanding social networks
ﬂm. There exists a variety of metrics by which the centrality of a node can be
ascertained. These metrics serve as indicators of the node’s relevance within the network.
The selection of an appropriate metric is determined by the specific context [PLDP17]. In
this research the utilization of centrality measures is twofold. Firstly, they are employed
for exploratory analysis of networks, and secondly, they facilitate quantitative analysis,
thereby contributing to the interpretation of results. The measures employed are weighted
in-degree centrality, weighted out-degree centrality, and betweenness centrality.

The degree of a node represents the number of edges connected with that node [SA19].
In the context of a directed network, the degree can be subdivided into in-degree and
out-degree. The in-degree centrality metric quantifies the number of edges directed
towards the observed node (see Figure 3.4a), whereas the out-degree centrality metric
calculates the number of edges directed away from the node (see Figure [3.4b) [PZCT18].
If a directed network is additionally weighted, the weights of incoming and outgoing
edges are taken into account. Hence, in this work the number of transitions between the
occupations are incorporated into the calculation as such weights [OASIO0].

Betweenness describes how often a node appears in the shortest paths between any
other nodes. Namely it measures the number of times a node acts as a bridge between
others [SA19]. Considering the shortest paths between a start node i € V and a target
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node j € V. In case of i = j the shortest path between those nodes would be equal to 0.
The betweenness centrality B for the node v is then defined as follows:

By= > oli,jlv) (3.8)

where (i, j|v) denotes the number of shortest paths between node i and node j passing
through some node v # i,j. o(i,j) represents the overall number of shortest paths
between ¢ and j [Bra08].

These centrality measures help us to understand why groups have a low or high number
of shortest paths or a high or low chance for an individual to reach a high-income
occupation. Depending on whether low-, medium- or high-income occupations are among
the most central for any social group, this can indicate the chances of an individual
belonging to this group of reaching a high-income occupation. For example, a low chance
could be explained by a high in-degree indicating that many people transition to low or
medium-income occupations. Social groups with many central high-income occupations
are expected to have a higher chance of reaching a high-income occupation.

The Clustering coefficient is another measure applied to assist in interpreting and
explaining results obtained in terms of network connectivity. There are two different
versions, namely the local and global clustering coefficient. The local version focuses
on a single node and measures its closeness to its neighbors, whereas the global version
represents the overall connectivity of nodes within the network [BSD™23|. In essence,
a high global clustering coefficient is indicative of a high density of connections within
the network. To illustrate this concept, consider a network that represents individuals
as nodes and their friendships as edges. In such a network, a low clustering coefficient
would imply that the friends of one individual are not necessarily friends with each other
[HSS11]. In mathematical terms the global clustering coefficient can be described as:

1
C= e (3.9)

with IV being the number of nodes in the network and C; representing the local clustering
coefficent of node ¢ [Kai08|]. The local clustering coefficient is defined by

T;
degi(deg;—1)

Ci = =22

(3.10)

where T; is the number of connections between neighbors of node i and deg; represents
the degree of node i [AM22]. Figure 3.5 shows an example of how the local clustering
coefficient is calculated.
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Figure 3.5: Calculation of local clustering coeflicient - example given for the dark blue
node

In this research, the global clustering coefficient is utilised as a means to gain insights into
the degree of interconnectedness amongst disparate social groups within their respective
occupation mobility networks. A high connectedness among low-income occupations
compared to other occupations can indicate lower chances of transitioning to a higher
income occupation, due to the disproportionate large number of connections to other low-
income occupations. Whilst a similar average clustering coefficient among income-related
occupational subgraphs is expected to yield higher chances of reaching a high-income
occupation when starting at a low-income occupation.
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CHAPTER

Results

This chapter presents the results obtained by this study. It begins with descriptive
statistics, outlining the evolution of key features over the observed period and examining
the distribution of monthly net income across individuals with different socioeconomic
features. Based on these findings eight social groups are defined. Results derived from
occupation mobility network analysis are then reported, focusing on shortest paths,
Random walks and Markov walks. These results are accompanied by a robustness check
that supports the methodological choices such as how many walks should be performed
to obtain reliable and robust results. Finally, the chapter concludes with a quantitative
analysis utilizing the clustering coefficient which serves as an additional validation check
of the insights obtained by the walk and shortest path measures. All results are based on
the Austrian microcensus and income data provided by AUSSDA [The25]|.

4.1 Descriptive Statistics

Over the entire observed time period, the original dataset contains 2.127.197 entries -
per year there are on average ~177.266 entries available. The Austrian population grew
over the years. Whilst in 2011, the weighted sum of people given in the dataset was
~8.269.175, this number increased up to ~8.900.823 in 2022. The weighted sum of people
should account for the correct number of inhabitants in Austria.

The dataset records 125 unique occupations and 10 occupational categories into which
the occupations are grouped. Overall, the most common occupation is Shop Salespersons.
On the other hand least common occupations include Ships’ Deck Crews and Related
Workers and Traditional and Complementary Medicine Professionals. More generally,
the most common occupation category in 2022 are Professionals, which is displayed in
Figure 4.1. Least amount of people are found to work in an occupation categorized as
Armed Forces Occupations.
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Figure 4.1: Amount of Austrian individuals being occupied in each occupation category
in 2022 based on the Austrian microcensus data [Aus22]

Before performing the cleaning and pre-processing process described in Section 3.1, some
possible combinations of the key feature categories (e.g. male non-migrants with low
education between 20 and 24 years) do not even contain individuals. Moreover, the
weighted frequencies also vary greatly, e.g. in 2022 between ~17 and ~471.197. This
is why it is necessary to take these preparatory steps. They eliminate the existence
of empty groups and reduce the difference between the weighted frequencies of each
possible combination. Afterwards, the smallest group found are male migrants with high
education below 30 years. In 2011 this group only contains ~5.107 and in 2012 ~5.487
weighted individuals. According to Statistik Austria ([Aus24]), assumptions made about
this group in these two years have to be handled with care. Groups with a weighted sum
of individuals of less than 6.000 are subject to randomness. All other combinations for
the remaining years do exceed this threshold, where as a reference the weighted values
for 2022 are displayed in Table Moreover, since the main grouping does not involve
the educational aspect, resulting sizes of the groups used for the main analysis largely
exceed the mentioned threshold. As stated in Section this aspect is only used for
explaining results in depth. Hence, even though only ~40% of the original dataset is left
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after cleaning, the group sizes are still sufficient to draw statistically correct conclusions.

Overall, an average Austrian has held 1.1 occupations over the observed time period.
Among those who have held at least two occupations, the average number is 2.2. The
group with the highest average number of occupations are male individuals without a
migration background over 30, with 2.3 occupations, whilst the group with the lowest
average number of occupations are migrant women under 30, with 2.1 occupations.

low medium | high

education | education | education
< 30 | ~18.111 ~165.778 | ~98.485 ~282.374

no male

. . > 30 | ~62.105 | ~601.580 | ~411.039 | ~1.074.723

migration

background female < 30 | ~10.677 | ~126.903 | ~117.988 | ~255.568
> 30 | ~91.391 | ~532.094 | ~371.476 | ~994.961

male < 30 | ~26.206 | ~58.3834 | ~30.425 ~115.014
migration > 30 | ~88.929 | ~192.276 | ~146.863 | ~428.068

background e < 30| ~9.865 [ ~54454 | ~34572 | ~98.892
> 30 | ~78.174 | ~164.508 | ~147.554 | ~390.235

total

Table 4.1: Weighted number of people per key feature category combination (weighted
contingency table) after pre-processing including cleaning and re-grouping of the features
migration background, age and gender (based on Austrian microcensus 2022 [Aus22))

4.1.1 Evolution

In total the focus lies on four key features, which are an individual’s age, gender, migration
background, and educational attainment. Looking at those features individually, it can
be seen that they have evolved similarly. Figure 4.2| represents the share of people per
feature category of the entire Austrian population. Overall, the shares remained very
stable over the years. As shown in Figure [4.2b, there are slightly more women than men
in Austria, with the difference of the share becoming smaller in the last years.

In terms of migration background a slight shift towards an increasing percentage of
individuals with migration background can be observed in Figure |4.2c. Taking a closer
look at educational attainment in Figure 4.2d, it shows that the highest education level
is upper secondary education for over 40% of Austrians, remaining constant. It needs
to be considered that from 2014 onwards variables related to education are mapped
according to ISCED 11, whilst before they were mapped according to ISCED 97. There
are only 7 levels in ISCED 97, whilst in ISCED 11 the level ’tertiary’ is split into
’short-cycle tertiary’, ’bachelors equivalent’ and 'masters equivalent’ to account for the
Bologna-system which introduced Bachelor and Master degrees in Austria in 1999. This
is why in 2014 a distinct increase in individuals with a masters degree is observable, since
this attainment level did not exist before. Moreover, the transition from ISCED 97 to
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Figure 4.2: Evolution of the share of individuals of the Austrian population belonging to
a certain category per key feature within the years 2011 to 2022 based on the Austrian
microcensus data (Part 1)
ISCED 11 led to changes in the classification of education programmes, particularly at
post-secondary and higher levels [Hip12]. Therefore, educational attainment before and
after 2014 must be compared cautiously.
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Figure 4.2: Evolution of the share of individuals of the Austrian population belonging to
a certain category per key feature within the years 2011 to 2022 based on the Austrian
microcensus data (Part 2)

4.1.2 Income Distribution and Social Group Definition

The disparities between different social groups are measured on the basis of their monthly
net income. Therefore, it is relevant to investigate the underlying income distributions
of individuals with the same feature categories, e.g. male and female individuals. The
observed features migration background, age, gender and educational attainment are
divided into several categories in the original source dataset. However, using these original
categories to divide the Austrian population into social groups would lead to defining too
many groups. Hence, different categories are introduced for each feature based on the
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following results which are derived from the 2022 income statistics provided by AUSSDA
[The25], leading to 8 social groups.

Migration background

The first feature observed is an individuals migration background. The variable holding
information about migration background is divided into three different categories. People
who are born in a country other than Austria are considered ’first generation’ migrants.
If a person was born in Austria but both of their parents were born in another country,
they are categorized as ’second generation’ migrants. People who themselves and at least
one of their parents were born in Austria are considered to have no migration background
[Aus24]. Figure 4.3 visualizes the monthly net income distributions for the three original
categories of migration background. First and second generation migrants show a similar
distribution and their difference in their median is only €53. The Wasserstein distance
which is closely related to the median, shows a similar result. Moreover, the standard
deviation between these two categories is more similar and shows a much smaller effect
size compared to the category no migration background as seen in Table 4.2, This small
effect size together with the income distribution shows that the income distributions of
these two categories have a high degree of overlap. They are therefore grouped together,
as seen in Table 4.3, and the final categories are: migration background, no migration
background.

Categories effect size | Wasserstein Median Standard
distance difference deviation
difference

no 1st generation 0.31 353.91 313.0 186.41
1st generation 2nd generation 0.06 74.16 53.0 39.05

Table 4.2: Income distribution similarity of original migration background categories
(2022)

original customized

no migration background | no migration background

1st generation migration
2nd generation background

Table 4.3: Original and customized categories of migration background

Age

Age is already categorized into 5-year groups as presented in a previous Section. Focusing
on adults in the usual work age leaves us with people between 20 and 64 years. Table
4.4 shows that comparing the underlying income distribution of older age groups tends
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Figure 4.3: Monthly net income distribution by original migration background categories
(based on Austrian microcensus and income data 2022 [Aus22])

to have a very small effect size indicating their similarity which is also visible in Figure
4.4, Younger age groups, especially the youngest one between 20 and 24 years, tend to
have a lower median monthly net income than older age groups. These results show,
that in 2022 income discrepancies are more evident for younger people. Looking at Table
4.4| the largest income dissimilarities based on their respective median and Wasserstein
distance are found between the age groups '20-24" and '25-29’, ’25-29’ and ’30-34’, as
well as '55-59” and ’60-64". It is decided to only use 2 categories, since the low effect size
underlines that people above 30 show a similar income distribution. Hence, age is split
in people below and above 30 as shown in Table 4.5.

Categories | effect size | Wasserstein Median Standard

distance difference deviation

difference
20-24 25-29 -0.43 361.20 307.0 107.66
25-29  30-34 -0.21 213.03 143.0 184.74
30-34 35-39 -0.10 125.86 32.0 172.89
35-39 40-44 -0.05 67.86 17.0 82.46
40-44 45-49 -0.08 114.28 81.0 80.73
45-49 50-54 -0.07 100.62 80.0 63.19
50-54 55-59 -0.06 111.62 75.0 97.31
55-59  60-64 -0.09 425.24 152.0 439.54

Table 4.4: Income distribution similarity of original age groups (2022)
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Figure 4.4: Monthly net income distribution by original age groups ((based on Austrian
microcensus and income data 2022 [Aus22]))

original customized
20-24 below
25-29 30

30-34
35-39
40-44 above 30
45-49
50-54
55-59
60-64

Table 4.5: Original and customized categories of age

Gender

The microcensus questionnaires exclusively provided the options of 'male’ or 'female’ as
gender categories. Starting in 2020, a third option,’other’, was introduced. According to
Statistik Austria [Sch25], the number of non-binary individuals surveyed is insufficient
for separate evaluation. Consequently, imputation rules are employed to assign a binary
gender category to each interviewed individual [Sch25|]. Hence, the dataset used provides
two different categories. The medium, nearly large, effect size displayed in Table 4.6
indicates a large dissimilarity between the underlying monthly net income distributions
of men and women. Figure |4.5/as well as the other calculated statistics underline this
disparity by resulting in large values. In 2022, the median income of men is € 655,-
higher than the median income of women. These great income differences indicate that
no further grouping is necessary (4.7).
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4.1. Descriptive Statistics

Categories effect size | Wasserstein Median Standard
distance difference deviation

difference

male female 0.75 768 655.0 361.09

Table 4.6: Income similarity of gender (2022)

10000 _—
8000
6000 \

4000

monthly net income in €

2000

male female

Figure 4.5: Monthly net income distribution by gender (based on Austrian microcensus
and income data 2022 [Aus22])

original customized
male male
female female

Table 4.7: Original and customized categories of gender

Educational attainment

The educational attainment level is categorized based on the 'International Standard
Classification of Education’ (ISCED) [eur]. Up until including 2013 ISCED 97 and starting
from 2014 ISCED 11 was applied [Aus21d]. There are several levels of granularity, where
this work uses the 1-digit coding scheme which encodes the educational attainment. Other
coding schemes use more digits and encode more detailed information, e.g. 3-digit coding
schemes encodes educational attainment and education programmes ([UNE12]). Here,
educational attainment is divided into 9 levels. Except for the lowest level ’early childhood
education’, all other categories (listed in Table 3.1) are found in the dataset. Eurostat
[eur] suggests the three aggregation levels, low, medium and high education. Primary
and lower secondary education are considered low. Upper secondary and post-secondary
would be grouped as medium education, where the rest is considered high education
[eur]. Figure 4.6|indicates that the higher someones’ educational attainment, the higher
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their income. However, having primary or lower secondary education results in similar
income distributions, which is also proven by the very low effect size displayed in Table
4.8, The largest differences, indicated by a medium effect size and larger Wasserstein
distances than for the other comparisons, are found between "lower secondary’ and "upper
secondary’ as well as "bachelor’s’” and 'masters’. The final regrouping is displayed in Table
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4.9.

Categories effect size | Wasserstein Median Standard
distance difference deviation
difference
primary lower -0.04 77.53 38.0 91.60
secondary
lower upper -0.58 593.39 575.0 238.49
secondary  secondary
upper post- -0.19 212.99 187.0 115.79
secondary  secondary
post- short-cycle -0.25 346.94 273.0 237.0
secondary tertiary
short-cycle  bachelor’s 0.21 281.85 214.0 43.30
tertiary
bachelor’s master’s -0.59 1009.25 784.0 468.88
master’s doctoral -0.32 647.36 544.0 190.08

Table 4.8: Income distribution similarity of educational attainment categories (2022)

Figure 4.6: Monthly net income distribution by educational attainment category (based

10000
8000
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4000

2000
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on Austrian microcensus and income data 2022 [Aus22|)
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4.1. Descriptive Statistics

original customized
primary low

lower secondary education

upper secondary medium
post-secondary education
short-cycle tertiary

bachelor’s or equivalent high

master’s or equivalent education

doctoral or equivalent

Table 4.9: Original and customized categories of educational attainment

Group Definition

Finally the following social groups are defined as shown in Table |4.10.

migration background
migration background
migration background
migration background
no migration background
no migration background

no migration background

no migration background

female below 30
female above 30
male below 30
male above 30
female below 30
female above 30
male below 30
male above 30

Table 4.10: Social groups defined by migration background, gender and age as used in

further analysis

Additionally, the education level is used for parts of the analysis that are more in depth.

Especially when it comes to explaining why certain results occur.
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4.1.3 Feature Correlation

Another aspect being analyzed is how the individual features correlate with each other.
The following results are based on the year 2022. According to the chi square statistic
calculated based on the weighted contingency table, no correlation is found indicated by
a p-value below 0.05. The contingency table contains the weighted amount of individuals
for every possible category combination of all key features, as already discussed and
displayed above. However, taking a closer look at each feature combination still yields
valuable insights. The values presented are rounded values, resulting in small shifts to
the exact values, but are nevertheless meaningful in understanding the broad picture.
Table 4.11 shows the overlap of features in percentage. The rows account for the total
population with a given feature, while the columns represent the share of individuals
that additionally have the corresponding feature. In other words the table indicates the
share of people with the row feature that also have the column feature. For example out
of all people with migration background (row 1), 21% are below 30 and 79% are above
30 years old.

Migration Age Gender Education

yes no <30 | > 30 | female| male low | medium| high

yes 100% | 0% | 21.0% | 79.0% | 51.3% | 48.7% | 24.2% | 43.0% | 32.9%

no 0% 100% | 18.9% | 81.0% | 49.2% | 50.8% | 9.9% | 54.3% | 35.8%

Migration

<30 | 31.5% | 68.5% | 100% | 0% | 48.6% | 51.4% | 11.6% | 52.6% | 35.9%

Age

>30 | 28.8% | 11.2% | 0% 100% | 50.1% | 49.9% | 14.7% | 50.6% | 34.7%

female | 30.2% | 69.8% | 19.0% | 81.0% | 100% 0% 15.8% | 49.1% | 35.0%

Gender

male | 28.4% | 71.6% | 20.0% | 80.0% [ 0% 100% | 12.4% | 52.8% | 34.8%

Table 4.11: Share of individuals with one feature (row) and another (column) (based
on the Austrian microcensus 2022 [Aus22]). Rows represent the total group with a
given feature, and columns represent the percentage of that group that also has the
corresponding feature - e.g. 21% of individuals with migration background are below 30
years old.

The percentages are based on the observed population only (individuals between 20-64
years containing valid information in the observed features Migration, Age and Gender
are considered being the total population)

As seen in Table 4.11 (row Gender), a slightly higher share of female individuals have a
migration background. In total, as already seen in Section [4.1.1, there are slightly more
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4.1. Descriptive Statistics

women than men. Overall ~70% of all Male and Female individuals do not and about
~30% do have migration background.

Comparing migration background with educational attainment, it can be seen in Table
4.11] that for both people with and without migration background, having at most a
medium education is most common. A closer look shows that a similar share of people
among migrants and non migrants have a high education. However, differences become
clear when focusing on low education. Whilst only ~10% of individuals without migration
background do have low education, even ~24% of people with migration background
have this educational attainment level. Taking a look from a different perspective reveals
that about half of the individuals with low education do and the other half does not have
migration background. On the other hand more than 70% of people with medium and
high education do not have any migration background.

When looking at age in combination with migration background, as shown in Table 4.11]
it can be seen that around 80% of individuals with and without migration background
are above 30 years old. For people below 30 having a migration background is slightly
more common than for those above 30 which is indicated by the fact that ~31% of those
below 30 and only ~29% of those above 30 do have migration background.

Gender and Educational attainment are related in the way that female individuals are

overrepresented in low education. Where ~56% of people with low education are women.

Diving deeper shows, that whilst ~12% of all men, ~16% of all women have at most a
low education. On the other hand men are slightly overrepresented in medium and high
education. This is shown by the fact that ~52% of individuals with medium education
and slightly above 50% of those with high education are men. However, the discrepancy
in high education is very minimal.

Among both male and female individuals, the age groups are distributed similarly, as
shown in Table [4.11. The main difference found is that younger age groups below 30 are
slightly dominated by men, whilst the older age groups above 30 are slightly dominated
by women. Slightly in this context means that the share of male and female individuals
within those groups differs by ~1-3%.

The last possible combination investigated is age and educational attainment. In general
having a medium education is most common among all age groups. Whilst having only
low education is least common for both age groups. However, out of all individuals with
low education, over 80% are above 30. In case of people with medium and high education
slightly below 80% are above 30.

Overall, this analysis shows that the largest discrepancies lie between gender and education.
It is observed that women are overrepresented when it comes to having low education.

Important to note is to, especially when considering migration background, also take into
account that the categories of each feature are not always evenly distributed. Taking
migration background as an example, it is known from the previous section that in total
there are more individuals without than with migration background, leading to higher
values when e.g. looking at the share of (non) migrant individuals per gender.
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4.2 Network Analysis

This main part of the analysis is based on the occupation mobility network capturing
the time period between 2011-2022 explained in Section 3.2. The separate networks for
each social group are analysed separately and the combined results are presented below.

4.2.1 Central occupations

The weighted in-degree, weighted out-degree and betweenness centrality are calculated
for each occupation per social group. The 5 most central occupations for the social
groups above 30 including their calculated centrality value are listed (see Table 4.12,
4.13)), whilst the results for the remaining groups can be found in the Appendix B.1.

Major similarities are found within male groups and female groups. The most central
occupation among male individuals without migration background, regardless of their
age group, is Physical and Engineering Science Technicians, as shown in Table 4.12.
Differences for this group arise in age when looking at the second and third most popular
occupations. Whilst Shop Salespersons record a high influx, many individuals below 30
leave the occupation Machinery Mechanics and Repairers. The older generation records
a high influx and outflow in Building Frame and Related Trades Workers.

Female individuals without migration background of any age most prominently switch
to and away from Shop Salespersons. Whilst General Office Clerks record a high influx
in each age group. Waiters and Bartenders have a high beetweenness centrality and
weighted out degree among those below 30 (see Appendix B.1). For individuals above 30,
whose top occupations are displayed in Table 4.12) Domestic, Hotel and Office Cleaners
and Helpers reaches a higher beetweenness centrality.

Among people with migration background, Shop Salespersons are central. Men, regardless
their age, record a high influx in assistance jobs like Transport and Storage Labourers
and Mining and Construction Labourers.

Female individuals with migration background record a high influx in Administrative
and Specialized Secretaries and Waiters and Bartenders among the younger generation.
For those above 30, Domestic, Hotel and Office Cleaners and Helpers is the most central
occupation among all centrality measures, as displayed in Table 4.13. But also Shop
Salespersons and different assistance jobs record a high influx in both age groups.

4.2.2 Upward mobility

Based on the occupation mobility network representing the Austrian labour market,
various measures are calculated to model paths from low-income occupations to high-
income occupations. The underlying concepts for those measures are shortest path,
Random walk and Markov walk, where their results are compared to the Gini coefficient
used as a baseline.
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weighted in degree

weighted out degree

betweenness

Physical and Engineering
Science Technicians (1.0)
Building Frame and
Related Trades Workers
(0.552)

Sales and Purchasing
Agents and Brokers (0.531)
Shop Salespersons (0.499)

Administrative and
Specialized Secretaries
(0.468)

Male
Physical and Engineering
Science Technicians (1.0)
Building Frame and
Related Trades Workers
(0.605)
Shop Salespersons (0.602)

Machinery Mechanics and
Repairers (0.563)
Sales and Purchasing
Agents and Brokers (0.501)

Physical and Engineering
Science Technicians (0.077)
Heavy Truck and Bus
Drivers (0.036)

Machinery Mechanics and
Repairers (0.033)
Shop Salespersons (0.032)

Administrative and

Specialized Secretaries
(0.031)

Administrative and
Specialized Secretaries
(1.000)
General Office Clerks
(0.999)

Shop Salespersons (0.978)

Domestic, Hotel and Office
Cleaners and Helpers
(0.638)

Nursing and Midwifery
Professionals (0.631)

Female
Shop Salespersons (1.000)

General Office Clerks
(0.870)

Administrative and
Specialized Secretaries
(0.848)

Nursing and Midwifery
Associate Professionals
(0.602)
Domestic, Hotel and Office
Cleaners and Helpers
(0.562)

Shop Salespersons (0.142)

Domestic, Hotel and Office
Cleaners and Helpers
(0.088)

General Office Clerks
(0.087)

Administrative and
Specialized Secretaries
(0.065)

Waiters and Bartenders
(0.0378)

Table 4.12: Top 5 occupations by centrality measure for individuals without migration
background above 30, the top representing male and the bottom female individuals (based
on Austrian microcensus 2011 - 2022 provided by AUSSDA [The25])

The results are presented in Table 4.14. Tt shows that groups above 30 do have a higher
number of shortest paths between low and high-income occupations while the average
shortest path length is similar for all social groups. The number of shortest paths
takes alternate routes into consideration, reflecting real-world scenarios which are not
always straightforward due to environmental influences. The average path length however
only describes the structural distance between low and high-income occupations. A
similar average shortest path length therefore indicates that it is possible for everyone to
reach a high-income occupation, while the number of shortest paths reflects actual real-
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weighted in degree

weighted out degree

betweenness

Mining and Construction
Labourers (1.000)

Building Frame and
Related Trades Workers
(0.952)

Building Finishers and
Related Trades Workers
(0.788)
Transport and Storage
Labourers (0.743)
Car, Van and Motorcycle
Drivers (0.717)

Male
Building Frame and
Related Trades Workers
(1.000)
Mining and Construction
Labourers (0.720)

Building Finishers and
Related Trades Workers
(0.646)
Manufacturing Labourers
(0.639)

Car, Van and Motorcycle
Drivers (0.602)

Shop Salespersons (0.097)

Physical and Engineering
Science Technicians (0.087)

Sales and Purchasing
Agents and Brokers (0.065)

Car, Van and Motorcycle
Drivers (0.053)
Mining and Construction
Labourers (0.053)

Domestic, Hotel and Office
Cleaners and Helpers
(1.000)

Shop Salespersons (0.680)
Food Preparation
Assistants (0.448)
Personal Care Workers in
Health Services (0.418)
Manufacturing Labourers
(0.388)

Female
Domestic, Hotel and Office
Cleaners and Helpers
(1.000)

Shop Salespersons (0.632)
Waiters and Bartenders
(0.416)

General Office Clerks
(0.365)

Food Preparation
Assistants (0.360)

Domestic, Hotel and Office
Cleaners and Helpers
(0.200)

Shop Salespersons (0.193)
Manufacturing Labourers
(0.084)

General Office Clerks
(0.063)
Administrative and
Specialized Secretaries
(0.063)
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Table 4.13: Top 5 occupations by centrality measure for individuals with migration
background above 30, the top representing male and the bottom female individuals
(based on Austrian microcensus 2011 - 2022 provided by AUSSDA [The25])

world scenarios. Besides few outliers, having no migration background results in higher
shortest path measures. A higher number of shortest paths between low- and high-income
occupations indicates that individuals over 30 have a higher chance of transitioning to
a high-income occupation. Conversely, having only a few shortest paths, as is the case
for individuals with migration background under 30, showcases boundaries in upward
career mobility. These boundaries suggest that individuals with such sociodemographic
characteristics may find it more challenging to reach a high-income occupation, as only a
few paths lead from a low-income occupation to a high-income one.

Results obtained from Random and Markov walks indicate that people above 30 on
average need fewer steps to reach a high-income occupation when starting at a low-income
occupation. Again, similar to what the number of shortest paths tells us, these few steps
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4.2. Network Analysis

indicate less boundaries in upward career mobility for individuals above 30. Except for
individuals with migration background below 30, Male groups averagely need to take
less steps than the respective female groups. This suggests that, on average, women
need to secure more jobs than men before reaching a high-income occupation. Assuming
that people only transition between occupations a limited number of times, the greater
number of steps required to reach a high-income occupation reduces the likelihood of

ever achieving a high income.

nr of shortest

avg shortest

avg Random

avg Markov

paths path length walk steps walk steps
o Male 67 3.0 46 55
g =
® Female 59 3.0 58 60
&b
~ o Male 107 3.3 2 2
@) el
5N
Female 284 3.0 6 9
= Male 14 2.6 49 45
g
2 Female 54 3.1 22 29
5
§ o Male 98 3.2 4 5
™
" Female 200 3.2 9 15

Table 4.14: Mean measures per social group - Shortest path measures are the mean based
on 19 samples per social group drawn from the original social group; Walk measures are
based on the original occupation mobility networks containing the entire social group

not only a sample
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Group Differentials

The following is performed to assess how well shortest path as well as the number of
steps needed in a Random or Markov walk capture income inequality similar to the
Gini coefficient. The Gini coefficient measures inequality based on the distribution of
income within a group. By merging two social groups and calculating their respective
Gini coefficients, the result highlights the extent of inequality related to income within
these two groups. Then for each pair of social group the following differences between
the two groups are being calculated to determine income and career path inequalities
and further referred to as difference measures:

o number of shortest paths between low and high-income occupations
o average shortest path length between low and high-income occupation

o average number of steps needed in a Random walk starting at any low-income
occupation to reach any high-income occupation

e average number of steps needed in a Markov walk starting at any low-income
occupation to reach any high-income occupation

For example, calculating the difference in the number of shortest paths between groups 1
and 2 showcases the disparity in chances of reaching a high-income occupation. If the
difference is large, it indicates that one group has a better chance of reaching or at least
has more opportunities to reach a high-income occupation than the other, which is seen
as an indicator of inequality. The correlation between all measures is now computed. If
the correlation between the Gini coefficient and any other difference measure is high, this
suggests that the difference measure captures information that is similar to that captured
by the Gini index. This indicates disparities in access or opportunities related to income.
Conversely, if the correlation is low, the two measures reflect different dimensions of
inequality. This indicates that the difference measure in question provides complementary
insights beyond those revealed by common income-based measures and that the two
measures are not appropriate for measuring the same thing, but rather shed different
perspectives. As shown in Figure [4.7, the Pearson correlation coefficient indicates a
moderate correlation between the Gini coefficient and the number of shortest paths,
indicating these two measures encode similar insights and conclusions about income
inequality and accessibility of high-income occupations. The average number of steps
needed to reach a high-income occupation when starting from a low one shows a lower
correlation with the baseline. This indicates that they not necessarily carry the same
information as the baseline, but can be used as a complementary perspective to draw a
fuller picture of the labour market.

Probability

A novel approach in identifying and visualizing the differences in upward mobility between
different social groups is the probability of reaching any high-income occupation when
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.— 1.0

gini coefficient 0.16 0.16
-0.8
nr shortest paths - 0.59 0.006 0.12 0.081 | 0.6
avg shortest path length -04
-0.2
avg random walk steps - 0.16 0.12 0.3
-0.0

avg markov walk steps - 0.16 0.081 0.18
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Figure 4.7: Pearson Correlation of inter-group differences of each measure. For example
the difference in the number of shortest paths between group 1 and 2 in correlation with
the Gini coefficient of the intersection of group 1 and 2.

starting at any low-income occupation after a certain number of steps. Since Markov walks
incorporate transition probabilities calculated based on the Austrian population, they
are closer to the real-world scenario and are therefore used for showcasing the probability
results. Therefore, a walker starts at any low-income occupation and walks until either the
specified amount of steps are reached or it reached a high-income occupation. The decision
on which neighboring occupation to transition to is based on transition probabilities. In

total a simulation consists of 500 walks, where the results are averaged across all walks.

The decision about the right number of walks to assure robust results is argued in Section
4.2.3

Figure [4.8 shows the results of this model applied to the Austrian labour market. It
shows that in general, individuals over 30 have a higher chance of reaching a high-income
occupation. Even after only taking 5 steps 80% of male individuals without migration
background above 30 have reached a high-income occupation. Whilst individuals below
30 at most reach a probability of 19% when taking 30 steps.
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Differences are also observable between men and women. Groups including female
individuals on average have a 15% lower probability than male groups.

Groups with migration background always show slightly lower probabilities than the
respective groups without migration background. This gap is shrinking with probability.
Meaning, the chances for reaching a high-income occupation are more distinct between
migrants and non-migrants for male individuals above 30, who have large probabilities,
than for female individuals below 30 who only show very low probabilities.

< 30, male, no migration > 30, male, no migration

< 30, male, migration background > 30, male, migration background
< 30, female, no migration > 30, female, no migration

< 30, female, migration background > 30, female, migration background

100% A

80% ~

60% -

Probability

40% -

20% A

0% A

0 5 10 15 20 25 30
Steps

Figure 4.8: Probability of reaching a high-income occupation when starting in a low-
income occupation in a Markov walk after at most the specified number of steps

4.2.3 Model Robustness
‘Walks

When simulating behaviour in the labour market using Random and Markov walks,
the simulation consists of multiple walks. One walk involves starting from a random
low-income node and selecting a neighbouring node until a high-income node is reached.
This process is repeated multiple times, and the final simulation result is the average
number of steps taken per walk.

However, the number of walks needs to be predefined. To figure out which is the correct
number of walks necessary to reach a stable result, relative standard error of the mean is
used. Therefore, for each social group, the entire simulation process is performed multiple
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e © %

repeat for
repeat for each social
Walk 1 Walk 2 Walk n differentn | group

nr. of steps nr. of steps nr. of steps

Relative

\&\ Standard Error / /

Figure 4.9: Process of robustness check of Random/Markov walks

times with n walks, as shown in Figure 4.9. Where n increases with each iteration and
takes values between 100 and 3000. Comparing the resulting relative standard error of
the mean (RSEM) shows that it quickly stabilises. This behaviour is displayed in Figure
4.10. Even though the results differ for the different social groups, the trend of how
the RSEM evolves is similar. The threshold used for considering obtained estimates as
accurate or relevant differs across research. In labour market research, a RSEM of 8%
is often found to indicate accurate results [Sta23]. It is evident from the findings that
500 walks per simulation are an adequate trade-off for deriving valid conclusions and
computation time. This is evidenced by the fact that for each sociodemographic group
network, the RSEM is below 8% when 500 walks are run.

Sampling

In order to reach stable results for the shortest path related measures, a certain number
of samples to perform the analysis process on are necessary. Therefore, new networks
are sampled the respective amount of times for each social group. The analysis process
is performed on each sample and its results are combined by calculating the mean per
social group. The entire procedure of sampling, analyzing and combining is carried out
10 times. Finally, the standard deviation and the RSEM of the 10 obtained results
is calculated and compared for the different number of samples. The lowest standard
deviation indicates low variability in the results and hence more reliability. Similarly a
lower RSEM indicates more reliable results. As above, the threshold for the RSEM to
consider the obtained estimate accurate is 8%. Due to computational constraints, the
number of samples was limited to a maximum of 20, since the computation time increases
significantly with each additional sample.

As displayed in Figure [4.11], in case of the average shortest path length between low and

o1



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

4.

REsuLTS

52

< 30, male, no migration < 30, male, migration background
< 30, female, no migration -~ < 30, female, migration background
> 30, male, no migration > 30, male, migration background
> 30, female, no migration > 30, female, migration background
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Figure 4.10: Relative Standard Error of the Mean of number of steps needed to reach a
high-income occupation starting at a low-income occupation across walks for different
number of walks - black horizontal line indicates threshold and black vertical line marks
the number of walks selected

high-income occupations, the number of samples is not important. The obtained results
for this measure deviate constantly across all sampling amounts tested. Whereas, the
lowest standard deviation of ~0.045 can be found when using 18 samples and the second
lowest is 0.051 when using 20 samples.

Resulting in higher standard deviations, the number of samples influence the results
obtained by the number of shortest paths. The standard deviation and the RSEM
calculated for this measure show an overall decreasing trend when the number of samples
increases. Hence, a larger number of samples is recommended to obtain stable results
for this measure. The most optimal number based on this robustness check is 19 with
a standard deviation of ~7 and a RSEM of ~4.7% which is below the 8% threshold.
Using 19 samples in this study strikes a balance, ensuring computation time remains
manageable while the RSEM still indicates valid and reliable results.

4.2.4 Quantitative Analysis

This part of the analysis delves deeper into the network structures of each social group.
This provides insight into group behaviour and helps to draw the right conclusions and
understand the results presented earlier. It also helps to determine whether the methods
used are appropriate for this use case and can serve as a measure of labour market
inequality.
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4.2. Network Analysis
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Figure 4.11: Maximum Relative Standard Error of the Mean of calculated measures per
number of samples - black line indicates the threshold

The average clustering coefficent shows that male individuals without migration back-
ground above 30 are tightly connected in occupational terms. It also shows that in case
of all other groups, the female ones are slightly more connected than their respective
male groups. This is displayed in Figure 4.12. In other words, tightly connected means
that if there are three occupations, if transitions occur from occupation A to B and from
occupation A to C, it is highly probable that transitions will also occur between C and B.
In a Random or Markov walk, more tightly knit neighbourhoods encourage movements
between these neighbourhoods. The interpretation of the coefficient however is influenced
by the location of these densely connected neighbourhoods within the network. Therefore,
it is zoomed in on low-, medium- and high-income occupations separately.

As seen in Figure 4.13, female groups have a higher average clustering coefficent among
low-income occupations than any male group. This indicates that in a Random Walk
scenario, a walker working in a low-income occupation is presented many opportunities
to transition to another low-income occupation. This reduces the chances of actually
transitioning to an occupation belonging to another income category creating boundaries
and limiting upward occupation mobility. Especially male groups above 30 have a
high coefficient among high-income occupations. In terms of individuals with migration
background, results show that they are less connected within all subgraphs than their
respective groups without migration background.

Figure |4.14] illustrates that most occupations are considered being a medium-income
occupation in nearly all social groups. Whilst the highest amount of high income
occupations are found in the group of male individuals above 30 without migration
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Figure 4.12: Average Clustering coefficient among the entire occupation mobility network,
including low-, medium- and high-income occupations, per social group

background. 50% of the occupations in which individuals of this group work are considered
high-income ones. The highest percentage of low-income occupations on the other hand
are found in the group of female individuals below 30 with migration background. Focusing
on age shows that younger groups have a higher percentage in low and medium-income
occupations than their respective older groups.

4.3 Summary

This chapter has presented a range of methods aimed at detecting inequalities between
social groups in upward occupation mobility at the example of the Austrian labour market.
Descriptive statistics showing the sociodemographic composition of the population
over time, alongside a comparison of income distributions across each sociodemographic
category, revealed significant differences between men and women, with men earning
on average €655,- more than women. A slightly smaller, yet still significant, median
difference in monthly net income of around €313,- was observed between individuals with
and without a migration background. Based on these observations, eight social groups
were defined to structure the subsequent analyses.
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Figure 4.13: Average clustering coefficient for subgraphs of the occupation mobility
network containing only low-, medium- or high-income occupations per social group

The network-based analyses provided insights into the structural properties of occupa-
tional transitions. Observing central occupations for each social group based on the
weighted in and out-degree and betweenness centrality reveals that individuals with
migration background tend to work more in trade, assistant and service occupations.
Central occupations for men with and without migration background of any age include
Physical and Engineering Science Technicians, Sales and Purchasing Agents and Brokers
and Blacksmiths, Toolmarkers and Related Workers, which have an average monthly
net income of more than €2.000,-. Most occupations that are found to be central for
women such as Shop Salespersons and General Office Clerks only have a mean monthly
net income below €2.000,-. This already reveals inequalities as women tend to work in
lower paid occupations than men.

Focusing on upward occupation mobility, paths from low-income occupation to
high-income occupations are analysed in detail. Age groups below 30, no matter gender
and migration background, only have few shortest paths between 14 and 59. Individuals
above 30 on the other hand do have at least 98 shortest paths from low to high-
income occupations, indicating more chances of reaching a high-income occupation.
The group with the lowest number of shortest paths, 14, are male individuals with
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Figure 4.14: Percentage of low-, medium- and high-income occupations per social group

migration background below 30. Women without migration background above 30 have
284 shortest paths. The simulations utilizing Markov walks also indicate large differences
in the probability of reaching a high-income occupation in terms of age. From the best
performing social group, Men above 30 without migration background, more than 80%
manage to reach a high-income occupation within only 5 occupation transitions. The
least chances of reaching a high-income occupation has the group of male individuals
with migration background below 30 since only 3.7% of occupations represented in
their mobility network are high-income occupations. Also, young men with migration
background are the smallest of the eight social groups leading to less occupations of any
income being represented in their network. These probabilities also reveal discrepancies
between men and women. From women of any age or migration background at most
93% reach a high-income occupation, even after taking 30 steps. Male individuals above
30 without migration background even reach a probability of 100% after only 12 steps.
Inequalities are also clearly visible for individuals above and below 30. Individuals below
30 at reach a probability of at most 19%. This can again be connected to the fact that
individuals below 30 on average earn less that individuals above 30 and therefore have
fewer high-income occupations present in their occupation mobility network.

Robustness checks confirmed the stability of the upward occupation mobility results.
RSEM computations for up to 3.000 walks per social group have been performed, with
valid results being achieved when 500 walks are performed per simulation. The shortest
path measures are computed on samples of each social group to ensure similar group
sizes and avoid any bias that may arise from it. To ensure stable results, the measures
are computed for multiple samples per social group, from which the mean is obtained to
compare the social groups with each other. The RSEM indicates that 19 samples per
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4.3. Summary

social group is sufficient to derive valid results in a feasible computation time.

The quantitative analysis utilizing the average clustering coefficient added evidence
that male and female individuals are similarly well connected in their occupation mobility
networks. However, female individuals show a high average clustering coefficient in low
and medium-income occupations. Men on the other hand have a low average clustering
coefficient below 0.2 and higher coefficients in high-income occupations than respective
female groups.
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CHAPTER

Conclusion

Especially in economically challenging times like the ones we are currently experiencing
including living costs that tend to increase, attaining a well paid occupation assumes
greater importance. Despite the Gini index for Austria falling below the EU average
and thus indicating a comparatively low level of income inequality in comparison to
other countries, issues such as the gender pay gap remain a topic of significant debate
in Austria. Consequently, it is timely and pertinent to make a contribution to these
debates by observing the underlying structure of these labour market inequalities that
still persist. However, existing measures and approaches, like the Gini index mentioned
above, do not do justice to the complexity of the labour market and at the same time
showcasing upward career paths. This study sheds new light on how labour market
inequalities are represented and measured. This is achieved by applying methods from
data science and related studies to a sociological topic. It has been demonstrated that
networks which capture the dynamics of the labour market, known as occupation mobility
networks, yield valuable insights with regard to labour market research. It is for this
reason that they form the foundation of the present work. Established methods known
from graph theory and data science are employed. These include shortest paths as well
as career path simulations based upon Random Walks and Markov Simulations. This
work demonstrates that these methods are valid approaches for this topic. It underlines
results obtained by using existing and popular measures like the Gini index and average
clustering coefficient. Additionally, the presented methods yield intuitive results. By
simulating occupational transitions using real-world data, the outcomes can be expressed
in more comprehensible terms suitable for non-experts. For instance, we can determine
the average number of steps required for an individual to reach a high-income occupation.
These types of measure are more intuitive than abstract statistical values because they
link the analysis directly to realistic scenarios that most people are familiar with. The
following summarizes its outcome.

To answer the first research question asking what factors determine upward occupation
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mobility, results are obtained from the number of shortest path, average shortest path
length and the Random and Markov Walk simulations. It is essential to acknowledge the
role of upward occupational mobility as a network effect when interpreting the results
and answering this question. It is evident that an individual’s position within a network
significantly influences their probability and capacity to transition to a high-income
occupation. For instance, an individual employed in an occupation directly connected
with high-income occupations within the occupation mobility network is more likely
to advance in their career than an individual employed in an occupation not directly
connected to a high-income occupation. Consequently, the interpretations derived from
this study describe an average person belonging to a certain social group, while certain
individuals experience greater or lesser ease in attaining a high-income occupation due
to their current position.

The number of shortest paths as well as the average shortest path length between low
and high-income occupations, indicate distinct discrepancies between the observed social
groups. Where the discrepancies are more distinct when focusing on the number of
shortest paths available.

Based on these measures and the probabilities of reaching a high-income occupation,
it can be concluded that age has the highest influence on upward occupation mobility.
This can be said because the probability of reaching a high-income occupation has a
steeper incline with increasing number of steps for individuals above 30 than those
below. Moreover, the number of shortest paths reveals that age is the main source of
variation, suggesting that it plays the most important role in reaching a high-income
occupation. Of the three factors under observation, age is the only one for which income
disparities can be adequately explained. As is apparent, with advancing age comes greater
experience. Higher income being the result of greater experience and higher performance
is a reasonable justification as already mentioned in Chapter 2| known as the principle of
performance.

The second most determent factor is gender. Whilst for men the probability of reaching
a high-income occupation increases fast with the number of steps, probabilities for female
groups have a more shallow increase. Moreover, even after 30 steps the probability
never reaches such a high value for older female groups than for older male ones. The
second most noticeable differences in the number of shortest paths were also observed
between groups that differed in gender. However, no rational explanation can be proposed
for why men should have higher chances in reaching a high-income occupation than
women, despite the fact that such disparities are observed. In contrast to age, where
increased experience provides a plausible rationale for higher income, gender-related
income disparities cannot be attributed to individual capabilities such as experience.
Instead, these outcomes are predominantly attributable to societal factors and structural
inequalities that persist within the labour market.

Lastly, having a migration background or not is still a crucial factor, as differences in
the number of shortest paths and the probability of achieving a high-income occupation
are observable. However, these differences are not as significant as those observed for
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the other factors. Similar to gender-related disparities, migration-related disparities
cannot be attributed to inherent experience, ability or performance, but rather, they are
shaped by societal factors, including unequal access to opportunities, discrimination, and
structural barriers within the labour market.

In summary, while age exerts a more pronounced influence on the probability of attaining
a high-income occupation following an initial low-income occupation, these disparities
can be at least justified. Gender and migration background have been demonstrated to
be significant factors in the attainment of high-income occupations, with no apparent
underlying rationale such as experience. Consequently, these two factors are a robust
indication of the inequality present in the Austrian labour market.

To prove the validity of these results, we asked how group differences in distance measures
and access dynamics to high-income occupations capture labour market inequality in our
second research question. Comparing the differences in the two shortest path measures
between any two social groups with the Gini coefficient of the combined groups suggests
that the number of shortest paths is more closely correlated with the Gini coefficient than
the average shortest path length. Moreover, the results from the first research question
are backed up by a quantitative analysis as well as an analysis of the central occupations
of each group.

It demonstrates that groups above 30 have more connections and a higher proportion
of high-income occupations than the respective groups below 30. The most central
occupations of groups above 30 tend to have a higher income than those of groups below
30. Therefore, it is evident that the probability of achieving a high-income occupation
and the number of shortest paths are higher for older age groups.

Even though female groups have similar or higher average clustering coefficients than
respective male groups, these groups are highly connected within low-income occupations
which hinders upward mobility. In highly clustered low-income sub-networks, individuals
are more likely to encounter other low-income occupations when making transitions, due
to the dense interconnections between them. This structural feature reduces the chances
of reaching a high-income occupation, as the abundance of low-income alternatives
disproportionately draws transitions away from higher-income occupations. This explains
why the probability of reaching a high-income occupation is lower for female than for male
groups. Moreover, female groups tend to have a high in-degree towards occupations either
considered low-income or close to being a low-income occupation, with only few exceptions.
In case of those exceptions the respective male groups include central occupations which
have an even higher average income. However, most male groups have fewer shortest
paths between low- and high-income occupations than female groups. Nevertheless,
male groups have such a large share of high-income but a very low share of low-income
occupations explaining this result. Those shares in combination with lower average
clustering coefficients draws transitions towards higher-income occupations. Hence, their
chances of reaching a very well-paid occupation are still greater.
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The larger probabilities of reaching high-income occupations for groups without migration
background can be explained in a similar manner. Even though the differences are less
distinct than for other features, groups with a migration background have slightly larger
share of low-income occupations. Older age groups with a migration background also
have a lower share of high-income occupations. Additionally, all groups with a migration
background have a lower average clustering coefficient in each occupation income category
than their respective non-migrant groups. Taking a look at the central occupations of
groups with migration background reveals an overall higher centrality for lower-income
occupations than for respective non-migrant groups. For the same reasons as above, their
probability of reaching a high-income occupation is always slightly lower than that of
their respective non-migrant groups.

It is evident that there are certain limitations to the present study that could be addressed
in future work. One such aspect pertains to the data. The final, cleaned version of the
dataset, which is then usable for the purpose of constructing the occupation mobility
networks, represents a mere 40% of the original dataset. This is due to the presence of
missing values in the observed variables, which necessitated the removal of corresponding
entries. Furthermore, the construction of the network exclusively incorporated individuals
for whom job transitions have been documented. This is a significant restriction, given
that individuals at most occur 5 times in the data. Future work may also investigate and
incorporate the probability of staying at the same occupation instead of transitioning
to another one. This particular aspect has not been addressed in the present research
study, partly due to the aforementioned limitation concerning the duration of observation
periods of a person in the dataset, which did not extend beyond five quarters. With
regard to the applied approaches, basic versions were adapted for use in this particular
case. It is recommended that this aspect be explored further by extending the present
versions or testing more complex versions. It would be a valuable contribution to the field
to conduct further research into the various types of random walks. At the same time
improving the implementation in terms of efficiency and computational time are suggested.
Even though attempts were taken to parallelize certain parts of the construction and
analysis pipeline, its computational time still has room for improvement. Especially
when extending the presented approaches or applying it to larger datasets, this will be a
necessity.

Overall the labour market is a complex system in which individuals’ decisions about which
occupation to transition to depend on multiple factors such as educational attainment,
household context, career trajectory, friends and colleagues, including a random aspect.
To fully capture the dynamics of occupational mobility, it is therefore essential to observe
the labour market from multiple perspectives by applying diverse methods, such as
shortest path analysis, upward mobility simulations, as well as clustering coefficients
and interpreting their results in combination. Compared to measures already used in
this regard, the presented results prove the validity of the proposed adapted approaches.
The findings derived from these approaches are congruent with those derived from
existing measures utilised as a baseline. They also align with societal expectations



Die approbierte gedruckte Originalversion dieser Diplomarbeit ist an der TU Wien Bibliothek verfligbar

The approved original version of this thesis is available in print at TU Wien Bibliothek.

[ 3ibliothek,
Your knowledge hub

such as income inequality between men and women (see [FRB23|, [DMW21]) as well as
migrants facing difficulties in labour market integration (see [AII16]) and hence upward
occupation mobility. They can help society understand why certain sociodemographic
groups have a harder time in following an upward career path. At the same time this
understanding can help to push boundaries in terms of occupation mobility. Further
developing the approaches presented here would mean gaining an even deeper and better
understanding of inequalities in career advancement opportunities. This in turn helps to
define boundaries even more precisely in order to break them and eliminate inequalities
in the future.
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APPENDIX

Standards

A.1 International Standard Classification of Occupations

ISCO-08
Code Title

1 Managers
111 Legislators and Senior Officials
112 Managing Directors and Chief Executives
121 Business Services and Administration Managers
122 Sales, Marketing and Development Managers
131 Production Managers in Agriculture, Forestry and Fisheries
132 Manufacturing, Mining, Construction and Distribution Managers
133 Information and Communications Technology Service managers
134 Professional Services Managers
141 Hotel and Restaurant Managers
142 Retail and Wholesale Trade Managers
143 Other Services Managers

2 Professionals
211 Physical and Earth Science Professionals
212 Mathematicians, Actuaries and Statisticians
213 Life Science Professionals
214 Engineering Professionals (excluding Electrotechnology)
215 Electrotechnology Engineers
216 Architects, Planners, Surveyors and Designers
221 Medical Doctors
222 Nursing and Midwifery Professionals
223 Traditional and Complementary Medicine Professionals
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Code Title

224 Paramedical Practitioners

225 Veterinarians

226 Other Health Professionals

231 University and Higher Education Teachers

232 Vocational education teachers

233 Secondary Education Teachers

234 Primary School and Early Childhood Teachers

235 Other Teaching Professionals

241 Finance Professionals

242 Administration Professionals

243 Sales, Marketing and Public Relations Professionals

251 Software and Applications Developers and Analysts

252 Database and Network Professionals

261 Legal Professionals

262 Librarians, Archivists and Curators

263 Social and Religious Professionals

264 Authors, Journalists and Linguists

265 Creative and Performing Artists

Technicians and Associate Professionals

311 Physical and Engineering Science Technicians

312 Mining, Manufacturing and Construction Supervisors

313 Process Control Technicians

314 Life Science Technicians and Related Associate Professionals

315 Ship and Aircraft Controllers and Technicians

321 Medical and Pharmaceutical Technicians

322 Nursing and Midwifery Associate Professionals

323 Traditional and Complementary Medicine Associate Professionals

324 Veterinary Technicians and Assistants

325 Other Health Associate Professionals

331 Financial and Mathematical Associate Professionals

332 Sales and Purchasing Agents and Brokers

333 Business Services Agents

334 Administrative and Specialized Secretaries

335 Government Regulatory Associate Professionals

341 Legal, Social and Religious Associate Professionals

342 Sports and Fitness Workers

343 Artistic, Cultural and Culinary Associate Professionals

351 | Information and Communications Technology Operations and User

Support Technicians

352 Telecommunications and Broadcasting Technicians
Clerical Support Workers

411 General Office Clerks
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A.1. International Standard Classification of Occupations ISCO-08

Code Title

412 Secretaries (general)
413 Keyboard Operators
421 Tellers, Money Collectors and Related Clerks
422 Client Information Workers
431 Numerical Clerks
432 Material Recording and Transport Clerks
441 Other Clerical Support Workers

Service and Sales Workers
511 Travel Attendants, Conductors and Guides
512 Cooks
513 Waiters and Bartenders
514 Hairdressers, Beauticians and Related Workers
515 Building and Housekeeping Supervisors
516 Other Personal Services Workers
521 Street and Market Salespersons
522 Shop Aalespersons
523 Cashiers and Ticket Clerks
524 Other Sales Workers
531 Child Care Workers and Teachers’ Aides
532 Personal Care Workers in Health Services
541 Protective Services Workers

Skilled Agricultural, Forestry and Fishery Workers
611 Market Gardeners and Crop Growers
612 Animal Producers
613 Mixed Crop and Animal Producers
621 Forestry and Related Workers
622 Fishery Workers, Hunters and Trappers
631 Subsistence Crop Farmers
632 Subsistence Livestock Farmers
633 Subsistence Mixed Crop and Livestock Farmers
634 Subsistence Fishers, Hunters, Trappers and Gatherers
Craft and Related Trades Workers
711 Building Frame and Related Trades Workers
712 Building Finishers and Related Trades Workers
713 Painters, Building Structure Cleaners and Related Trades Workers
721 Sheet and Structural Metal Workers, Moulders and Welders, and
Related Workers

722 Blacksmiths, Toolmakers and Related Trades Workers
723 Machinery Mechanics and Repairers
731 Handicraft Workers
732 Printing Trades Workers
741 Electrical Equipment Installers and Repairers
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Code Title

742 Electronics and Telecommunications Installers and Repairers
751 Food Processing and Related Trades Workers
752 Wood Treaters, Cabinet-makers and Related Trades Workers
753 Garment and Related Trades Workers
754 Other Craft and Related Workers

8 Plant and Machine Operators, and Assemblers
811 Mining and Mineral Processing Plant Operators
812 Metal Processing and Finishing Plant Operators
813 | Chemical and Photographic Products Plant and Machine Operators
814 Rubber, Plastic and Paper Products Machine Operators
815 Textile, Fur and Leather Products Machine Operators
816 Food and Related Products Machine Operators
817 Wood Processing and Papermaking Plant Operators
818 Other Stationary Plant and Machine Operators
821 Assemblers
831 Locomotive Engine Drivers and Related Workers
832 Car, Van and Motorcycle Drivers
833 Heavy Truck and Bus Drivers
834 Mobile Plant Operators
835 Ships’ Deck Crews and Related Workers

9 Elementary Occupations
911 Domestic, Hotel and Office Cleaners and Helpers
912 Vehicle, Window, Laundry and Other Hand Cleaning Workers
921 Agricultural, Forestry and Fishery Labourers
931 Mining and Construction Labourers
932 Manufacturing Labourers
933 Transport and Storage Labourers
941 Food Preparation Assistants
951 Street and Related Service Workers
952 Street Vendors (excluding Food)
961 Refuse Workers
962 Other Elementary Workers

0 Armed Forces Occupations
011 Commissioned Armed Forces Officers
021 Non-commissioned Armed Forces Officers
031 Armed Forces Occupations, Other Ranks

Table A.1: ISCO-08 Codes and Titles of 1-digit and 3-digit occupation group levels
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A.2. Austrian Classification of Economic Activities ONACE 2008

A.2 Austrian Classification of Economic Activities
ONACE 2008

Code Title
A Agriculture, Forestry and Fishing
B Mining and Quarrying
C Manufacturing
D Electricity, Gas, Steam and Air Conditioning Supply
E Water supply; Sewerage, Waste management and Remediation
Activities
F Construction
G Wholesale and Retail Trade; repair of Motor Vehicles and Motorcycles
H Transportation and Storage
I Accommodation and Food Service Activities
J Information and Communication
K Financial and Insurance Activities
L Real Estate Activities
M Professional, SCientific and Technical Activities
N Administrative and Support Service Activities
O Public Administration and Defence; Compulsory Social Security
P Education
Q Human Health and Social Work Activities
R Arts, Entertainment and Recreation
S Other Service Activities
T Activities of Households as Employers; Undifferentiated Goods- and
Services-producing Activities of Households for own use
U Activities of Extraterritorial. Organisations and Bodies

Table A.2: ONACE 2008 (1-digit) Codes and Titles of first level economic sectors [Aus25]
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APPENDIX

Central Occupations

B.1 Top 5 Occupations - Social Groups below 30

weighted in degree

weighted out degree

betweenness

Physical and Engineering
Science Technicians (1.000)
Shop Salespersons (0.433)

Machinery Mechanics and
Repairers (0.426)

Building Frame and
Related Trades Workers
(0.377)
Building Finishers and
Related Trades Workers
(0.297)

Physical and Engineering
Science Technicians (1.000)
Machinery Mechanics and
Repairers (0.594)
Shop Salespersons (0.548)

Building Frame and
Related Trades Workers
(0.514)
Blacksmiths, Toolmakers
and Related Trades
Workers (0.431)

Physical and Engineering
Science Technicians (0.162)
Shop Salespersons (0.066)

Administrative and
Specialized Secretaries
(0.050)
Machinery Mechanics and
Repairers (0.049)

Building Frame and
Related Trades Workers
(0.038)

Table B.1: Top 5 occupations by centrality measure for male individuals without migration
background below 30 (based on Austrian microcensus 2011 - 2022 provided by AUSSDA

[The25))
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B. CENTRAL OCCUPATIONS

weighted in degree

weighted out degree

betweenness

Shop Salespersons (1.000)
General Office Clerks
(0.986)
Administrative and
Specialized Secretaries
(0.796)

Waiters and Bartenders

(0.723)

Nursing and Midwifery
Professionals (0.425)

Shop Salespersons (1.000)
Waiters and Bartenders
(0.765)

General Office Clerks
(0.672)

Administrative and
Specialized Secretaries
(0.522)

Client Information Workers
(0.344)

Shop Salespersons (0.204)
Waiters and Bartenders
(0.116)

General Office Clerks
(0.104)

Administrative and
Specialized Secretaries
(0.065)

Physical and Engineering
Science Technicians (0.053)

Table B.2: Top 5 occupations by centrality measure for female individuals without
migration background below 30 (based on Austrian microcensus 2011 - 2022 provided by

AUSSDA [The25))

weighted in degree

weighted out degree

betweenness

Transport and Storage
Labourers (1.000)
Shop Salespersons (0.979)

Physical and Engineering
Science Technicians (0.933)
Mining and Construction
Labourers (0.677)
Waiters and Bartenders
(0.632)

Shop Salespersons (1.000)

Transport and Storage
Labourers (0.729)
Waiters and Bartenders
(0.679)

Physical and Engineering
Science Technicians (0.556)
Machinery Mechanics and
Repairers (0.548)

Shop Salespersons (0.152)

Waiters and Bartenders
(0.102)

Physical and Engineering
Science Technicians (0.089)
Manufacturing Labourers
(0.063)
Transport and Storage
Labourers (0.062)

Table B.3: Top 5 occupations by centrality measure for male individuals with migration
background below 30 (based on Austrian microcensus 2011 - 2022 provided by AUSSDA

[The25])
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B.1. Top 5 Occupations - Social Groups below 30

weighted in degree

weighted out degree

betweenness

Shop Salespersons (1.000)
Administrative and
Specialized Secretaries
(0.570)

Waiters and Bartenders
(0.551)

General Office Clerks
(0.450)
Domestic, Hotel and Office
Cleaners and Helpers
(0.388)

Shop Salespersons (1.000)
Waiters and Bartenders
(0.412)

Domestic, Hotel and Office
Cleaners and Helpers
(0.400)

General Office Clerks
(0.323)

Client Information Workers
(0.309)

Shop Salespersons (0.278)
Waiters and Bartenders
(0.123)

Administrative and
Specialized Secretaries
(0.103)

General Office Clerks
(0.100)
Domestic, Hotel and Office
Cleaners and Helpers
(0.099)

Table B.4: Top 5 occupations by centrality measure for female individuals with migration
background below 30 (based on Austrian microcensus 2011 - 2022 provided by AUSSDA

[The25])
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B. CENTRAL OCCUPATIONS

B.2 Average Income

Occupation Average Income

Domestic, Hotel and Office Cleaners and 1043.83
Helpers

Waiters and Bartenders 1176.04

Food Preparation Assistants 1254.54

Car, Van and Motorcycle Drivers 1360.80

Shop Salespersons 1492.52

Client Information Workers 1530.21

Personal Care Workers in Health Services 1616.09

General Office Clerks 1665.95

Transport and Storage Labourers 1677.34

Manufacturing Labourers 1820.31

Mining and Construction Labourers 1897.63

Building Frame and Related Trades Workers 1985.92

Building Finishers and Related Trades 2009.91
Workers

Nursing and Midwifery Associate Professionals 2050.92

Heavy Truck and Bus Drivers 2107.60

Administrative and Specialized Secretaries 2120.61

Machinery Mechanics and Repairers 2195.01

Blacksmiths, Toolmakers and Related Trades 2353.27
Workers

Nursing and Midwifery Professionals 2511.79

Physical and Engineering Science Technicians 2642.82

Sales and Purchasing Agents and Brokers 2868.25

Table B.5: Average monthly net income per top occupation based on the entire Austrian
population with available information about income and occupation (based on Austrian
microcensus 2011 - 2022 provided by AUSSDA [The25|)
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Overview of Generative Al Tools
Used

ChatGpt - This tool was used for researching, to find interesting sources and gain a
better understanding of the topic. Later, it was also used to rephrase sentences or short
paragraphs to make them more concise and understandable to the reader. It was also
used to support the coding aspect of this work. This includes general coding support as
well as debugging and improving code readability.

Deepl Write - This tool was used to rephrase sentences or short paragraphs to make them
more concise and academically appropriate.
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