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Abstract Income is one of the key indicators to measure individual opportunities, regional 
differences, and societal inequalities. Previous research has shed considerable light on gender- and 
migration-related disparities at the national level. However, the regional distribution of these inequali-
ties, especially over time, has received less attention. Moreover, how these regional inequalities might 
develop in the future or under different conditions remains unclear. Regionalized dynamic microsim-
ulations provide a powerful tool to analyze individual, household, as well as local long-term income 
developments under ‘what-if’ scenarios. This contribution examines the potential regional dynamics 
in gender and migrant income gaps across the districts in Germany. We extend the data, model, and 
infrastructure of the MikroSim project with an income module that accounts for migrant groups. By 
simulating four independent scenarios, we can isolate and evaluate their unique effects on inequality 
dynamics within different regions. Specifically, we adjust the full-time employment rates and tertiary 
education levels for a) women to align with those of men, and b) immigrants to align with those of the 
majority population, separately for each district. The results show that the scenarios have regionally 
differing effects on inequality dynamics, highlighting the considerable potential of dynamic microsim-
ulations for regional evidence-based policies.
DOI: https://​doi.​org/​10.​34196/​ijm.​00304

1. Introduction
There is a broad consensus that equal opportunities within the labor force are essential for economic 
growth, development, and poverty reduction. Women and migrants often experience unequal treat-
ment in the labor market. In addition, migrant women face a ‘double wage penalty’, further increasing 
their labor market vulnerability (Beyer, 2019). Income and wages provide important foundations 
for analyzing gender- and migration-related inequalities in measurable outcomes. Previous research 
has shed considerable light on the gender and immigration wage gaps across countries, while the 
regional research dimension of these differences has emerged more recently (Fuchs et  al., 2021; 
Schmid, 2022).

In Germany, wage inequality is regionally heterogeneous and characterized by three stylized facts: 
first, differences between urban and rural areas are significant, like in many other countries. Second, 
historically grown disparities between the East and the West prevail even 30 years after reunifica-
tion.1 Third, the labor markets in northern and southern Germany are structurally different. How 
these wage differences translate into regional pay gaps by gender and immigration remains unclear. 
In addition, the pay gaps depend to a large extent on the regionally varying characteristics of the 
local female and migrant labor force. The ratio and composition of ethnic groups differ between the 

1.	 The division of East Germany (German Democratic Republic) and West Germany (Federal Republic of Germa-
ny) during the Cold War era from 1949 to 1990 has had a lasting impact on the country, despite its reunification 
in 1990. Socio-economic and cultural differences developed between the two regions, with West Germany influ-
enced by democratic and capitalist principles and East Germany under Soviet influence, a socialist regime, and a 
centrally planned economy.
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regions in Germany, and the effect of migration background on earnings varies markedly by region 
(Hillmert, et  al., 2017). In urban areas, for instance, the migrant pay gap is found to be higher 
(Schmid, 2022), whereas the gender pay gap in urban areas is lower than in rural regions (Busch and 
Holst, 2008). In addition, not only the local values of the pay gaps but also the relative importance 
of individual and structural characteristics differ drastically across the 401 German districts (Fuchs 
et al., 2021).

While these studies focus on log hourly wages, monthly net income provides a more comprehen-
sive picture of well-being by taking into account differences in hours worked. Information on regional 
income inequality in Germany is scarce, and even less is known about its development over time. In 
Germany, equality of living conditions has constitutional status. Therefore, it is essential for institutions 
and policymakers to know in which regions inequality is particularly pronounced and to anticipate 
how these inequalities might evolve in the future to design effective local policies. Hence, this paper 
focuses on the question of how gender and migration income gaps vary regionally over time, e.g., 
in terms of urban-rural and East-West differences. The simulation is conducted at the regional level, 
with income inequality modeled at the district level (NUTS 3) to provide insights into specific regional 
differences and dynamics.

Increases in the migrant pay gap (Amo-Agyei, 2020) and an only slightly decreasing national 
gender pay gap over the last decades (Statistisches Bundesamt, 2023b) suggest that neither wage 
gap is likely to close in the near future. In addition, analyzing long-term income dynamics is important 
because the driving factors of income changes are entangled across domains, and demographic 
effects and reinforcement mechanisms may take time to appear (Richiardi and He, 2020). Therefore, 
how these regional disparities will evolve in the future or under different conditions is of particular 
interest. Dynamic microsimulation captures the future dynamics of regional income inequalities using 
’what-if’ scenarios.

Differences in work- and education-related aspects, such as hours worked, employment status, 
and educational attainment, explain large parts of the average gender- and migration-related gaps 
in earnings. Therefore, we adjust the full-time employment rates and tertiary education levels for a) 
women to align with those of men, and b) immigrants to align with those of the majority population, 
separately for each district. This paper is based on the data, model, and infrastructure of the MikroSim 
project (Münnich et al., 2021).2 For our analysis, we have developed an income module for MikroSim 
that accounts for specific migrant groups and considers relevant individual, household, and regional 
characteristics.

The present paper is structured as follows: first, we give an overview of the current research on 
gender and migrant income gaps. Second, we summarize the literature on existing dynamic micro-
simulation models focusing on income modeling. In the subsequent sections, we present the model 
and data for our microsimulation and derive the scenarios. Finally, we present and discuss the results 
according to the different scenarios and conclude with suggestions for further analysis.

2. Income gaps in time and space
Income inequality in a society can be measured by a variety of indicators. We focus on mean income 
inequality by gender and immigration. The income gap between men and women is an indicator 
of gender equality in a country, as well as of labor, taxation and childcare policies. The wage gap 
between immigrants and the majority population is a measure of integration in a society and the 
adequacy of immigration-related labor market policies. Lower wages of women and immigrants, 
as captured by gender and migrant pay gaps, pose central issues of our society today that not 
only exist between countries (OECD, 2017; Amo-Agyei, 2020), but also across smaller geographic 
areas.

2.	 Research Unit DFG-FOR 2559 ’Multi-sectoral Regional Microsimulation Model’ (MikroSim) is funded by the 
German Research Foundation. The project is lead by Ralf Münnich (Speaker), Rainer Schnell (Co-Speaker), Hanna 
Brenzel, Johannes Kopp, Petra Stein, and Sabine Zinn.
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2.1 Gender income gap literature
With a gender pay gap of 18% in 2021, Germany remains among the EU states with the highest 
gender inequality (ranking 3rd out of 27) (Statistisches Bundesamt, 2023a). The gender imbalances 
are distributed unequally across space, with local values rangeing from 40.3% to ‍ ‍4.3% on the district 
level (Fuchs et al., 2021). These profound spatial disparities reflect diverging outcomes in local labor 
markets for men and women, and thus direly require explanations. While the literature has extensively 
explored the driving factors of gender gaps across countries and over time, why these gender dispar-
ities and pay gaps are context-specific has attracted less attention.

Cross-country and national research has identified a variety of wage-determining characteristics. 
These include, inter alia, differences in human capital between men and women (Mincer, 1958), work-
force interruptions, discrimination, occupational segregation (Busch, 2013), unionization, part-time 
working, and parenthood (Angelov et al., 2016; Kleven et al., 2019). Over the last decades, there 
has been a narrowing of the gender difference in education and skills (Doorley and Keane, 2020), 
whereas employment patterns still vary drastically between men and women.

The existing literature on regional inequality in Germany emphasizes East-West differences. 
Regarding gender aspects, Hamjediers (2021) provides evidence that gender ideologies diverge 
regionally due to different compositions and norm persistence across German regions. Liberal gender 
beliefs are widely spread in the East, whereas an institutionalized traditional male breadwinner model 
prevails in the West. Regional gender ideologies translate into gendered outcomes through individual 
behavior and regional institutions, for instance, public childcare provision.

Further studies that explicitly take gender differences in regional wages into account focus on the 
contrast between rural and urban regions. The gender pay gap is far lower in metropolitan than in 
rural areas since cities offer increased employment opportunities to highly-qualified women (Busch 
and Holst, 2008), which are particularly relevant when assuming that partnership ties and family 
responsibilities impose spatial constraints on women, ‘thereby confining them to the local labor 
markets of their residential area’ (Nisic, 2017). In addition, more densely populated labor markets are 
more competitive and restrict employers’ ability to discriminate against women (Hirsch et al., 2013). 
A further explanation is that agglomeration effects lead to urban wage premium, which is found to be 
larger for women in the UK (Phimister, 2005) and in Germany (Nisic, 2017).

Beyond the degree of urbanization, a recent study suggests that the economic activity in a region 
and the kind of jobs provided for gendered earnings are additional important drivers of regional 
gender pay gaps in Germany (Fuchs et al., 2021). The authors document significant spatial heteroge-
neity in gross wages at the NUTS 3 level (401 districts) in Germany for the year 2017, which they trace 
back to spatial variation in individual, firm-level, and regional characteristics. This provides evidence 
that regions with large firms and a strong manufacturing base, predominantly located in the South of 
Germany, feature higher gender pay gaps than regions with weaker economic structures.

The majority of the studies focus on the gender pay gap in terms of gross (hourly) wages, which, 
however, falls short as an indicator of gender inequalities. Even if female and male hourly wages 
were equal, significant discrepancies in the monthly earnings would persist due to strongly differing 
employment patterns of men and women. In addition, the wage differentials have consequences 
on individual career trajectories with implications for equality and poverty both during working life 
and into retirement, since current wage gaps manifest themselves in the pension gaps of the future 
(Dekkers et al., 2020). To give a more comprehensive picture of gender gaps in earnings, the gender 
overall earnings gap (GOEG) measures the impact of the differences in average hourly wages, the 
monthly average of the number of hours paid, and the employment rate for men and women. With 
42% in 2018, Germany is among the EU countries with the highest GOEG (Leythienne and Pérez-
Julián, 2021). Another branch in the literature examines gender differences in disposable and market 
incomes. Two opposing forces act upon the gender income gap. On the one hand, lower employ-
ment rates and fewer working hours among women combined with wage disparities widen the gap 
in overall earnings. On the other hand, the tax-benefit system cushions the gender imbalances in net 
income by redistributing between men and women (Haupt and Strauß, 2022). According to Doorley 
and Keane (2020), the main drivers are the disparities in working patterns between men and women 
– which vary across and within regions.

The question arises, (if and) to what extent gender-specific disparities in income depend on the 
structure of locally varying employment patterns. To understand inequality in living standards within 

https://microsimulation.pub/subjects/dynamic-microsimulation
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and between regions in Germany, we examine the spatial component of gender gaps in net incomes. 
The aim is to investigate regional differences in the distribution of disposable income between men 
and women and the impact of regional labor supply on these disparities.

2.2 Migrant income gap literature
The migrant labor force plays a signifi cant and growing role in economies of the so-called ‘high-
income countries’ (HIC;3 Amo-Agyei, 2020, p. 14). Nevertheless, inequalities between migrants and 
the majority population persist and have even grown in recent years: the international average of the 
hourly wage gap is about 13%, with the gap widening in many HICs (Amo-Agyei, 2020). Moreover, 
the international comparison estimates a ‘double wage penalty’ of nearly 21% for migrant women 
relative to non-migrant men in most HICs. A large part of the wage gap can be explained by individual 
characteristics such as human capital, age, and gender. Yet, even if all these measurables are taken 
into account, significant wage gaps remain in nearly all HICs, pointing to inequalities and poten-
tial processes of discrimination against women and migrants in developed economies (Amo-Agyei, 
2020).

Recent studies based on the German Socio-Economic Panel data show a similar tendency for 
the migrant income gap in Germany. Beyer (2019) estimates a raw hourly migrant wage gap of 
15.3% in the year 2013, whereas the gap is higher for women (17.9%) than for men (13.3%). In 
addition, the results point to a severe ‘double wage penalty’ for migrant women in Germany, 
indicating even more labor market vulnerabilities for this group (Beyer, 2019). Ingwersen and 
Thomsen (2019) estimate significant and growing migrant wage gaps in Germany over time. They 
find that the average pay gap from 1994 to 2015 was 13.1% for naturalized immigrants and 14.8% 
for foreigners, whereas there are substantial differences between income deciles and immigrant 
groups. For example, while the migrant pay gap grows as income deciles increase, the unexplained 
part of the gap is higher for the lower-income deciles, indicating systematic wage inequalities in 
Germany. Furthermore, their results show that some migrant groups in Germany, such as Turks, 
immigrants from the former Yugoslavia or ethnic German repatriates, are more disadvantaged than 
Southern European immigrants (Ingwersen and Thomsen, 2019). A further study estimates the 
monthly wage gap between the majority population and people with a migration background to 
be around 16.2% in 2018 (Statistisches Bundesamt and Wissenschaftszentrum Berlin Für Sozial-
Forschung and Bundesinstitut Für Bevölkerungsforschung, 2021) while also finding severe pay 
gap differences between migrant groups: ethnic German repatriates and migrants from South-
west Europe earn the highest monthly wages among migrants, whereas Turks, immigrants from 
the former Yugoslavia, Eastern Europe, and refugees experience more significant median income 
losses. Thus, in light of the heterogeneous patterns of wage inequality by migrant groups in 
Germany, a projection of possible future developments in the overall migrant gap should account 
for these differences.

There is a large body of international and country-specific research on migrant income differences 
and the potential causes of these differences (see an overview of the German literature in Aldashev 
et al. (2012). An analysis of migrant pay gaps in four European countries shows that education is an 
essential driver of income, especially in Germany. Yet, even when controlling for educational attain-
ment differences, the majority population tends to have higher income returns for the same academic 
level. This return on education varies further between EU and non-EU workers, with the latter having 
lower returns (Coca Gamito, 2022). Beyer (2019) results lead to a similar conclusion: conditional on 
education, there is a significant wage gap between migrants and the majority population, with highly 
skilled migrants facing a devaluation of their skills, resulting in the highest income gaps within the 
migrant population. These results emphasize the importance of capturing differences in educational 
attainment as well as actual returns to education in the labor market.

Unlike the research on the individual-level drivers of migrant income gaps, studies on regional 
differences and regional effects on migrant income trends are scarce (mainly due to small-level data 
availability; Granato, 2009). Descriptive statistics, however, point to a regional aspect of immigration 
in Germany. There are considerable regional differences in the proportion of migrants in the total 

3.	 A sample of 33 developed high-income countries, Germany is not included due to the lack of available data.
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population: in western Germany, almost one in three people has a migrant background, whereas, 
in eastern Germany (excluding Berlin), this is the case for nearly one in ten people (2021: 30.5 and 
9.0 percent respectively). Furthermore, there are significant differences in the ratio of immigrants 
between urban (2021: 33.8 percent) and rural (2021: 16.5 percent) regions (Statistisches Bundesamt, 
2022). In addition, recent district-level studies show that there are tendencies of ethnic clustering in 
metropolitan areas with higher average incomes and economic potentials, but also higher migrant 
income gaps in those regions (Schmid, 2022; Hillmert, et al., 2017). Hillmert, et al. (2017) also 
estimate a regionally varying effect of migrant income gaps. Conditional on individual characteristics, 
immigrants in eastern Germany seem to be able to reduce or even level out the inequalities in their 
income outcomes, whereas this is not the case in western Germany (Hillmert, et al., 2017). Thus, for 
projecting regional income differences and analyzing their dynamics, it seems promising to consider 
both individual and regional effects as well as compositional differences at the regional level.

3. Literature on dynamic microsimulation
Dynamic microsimulation provides an ability to map the possible inequality dynamics and interactions 
between the drivers of inequality dynamics. In the following sections, its methodological suitability for 
this research interest will be explored, as well as previous microsimulations of income.

3.1 Why dynamic microsimulation for income analysis?
Statistical simulation methods are used in the social sciences as analytical instruments to project 
future population developments and analyze complex social dynamics. The best-known simulation 
methods in social science research are macrosimulations. Statistical offices mainly use macrosimula-
tion for population forecasts (e.g., demographic change, developments in life-expectancy and care 
needs, or the future share of the working-age population). The used datasets consist of aggregate 
data, and the projection of the outcomes of interest relies on cross-tabulations of this contextual data. 
Yet, according to social science theory, the unfolding of social mechanisms and their development 
over time takes place on the individual level, whereas societal changes are the aggregated results 
of these individual developments (Coleman, 1986; Kalter and Kroneberg, 2014). This also applies 
to all income-related statistics - it is the individuals who receive a monthly salary, get promoted, 
become unemployed, take parental leave, or retire. Thus, to simulate macro-level income dynamics 
and developments in inequality, the (causal) explanation can only be sought through the micro-level 
(such as individuals or households) and be derived based on individual characteristics. The method of 
microsimulation complies with these requirements (Orcutt, 1957).

Most research that applies microsimulation for analyzing social science questions uses the less 
resource-demanding static microsimulation models (Holm and Rephann, 2004). Unlike static micro-
simulations, which can identify the short-term effects of a stimulus (e.g., the impact of a tax reform 
on different population groups), dynamic microsimulations can consider individuals over their life 
course. The unique feature of dynamic microsimulations is the data-driven projection of individual 
life-histories: the characteristics of the individuals are annually updated based on individual transition 
probabilities (Spielauer, 2011). Actors in the dataset can have children, get older, become employed 
or unemployed, get married or divorced, or die. These characteristics reflect a life-cycle behavioral 
model (Holm and Rephann, 2004). The individual-level empirical parameters can be estimated from 
social science studies with the help of nearly all conventional statistical methods: linear or logistic 
regression, longitudinal, or dynamic modeling (Post and Van Imhoff, 1998). As we are interested 
in long-term labor market outcomes, which directly connect with population dynamics, we use the 
approach of dynamic microsimulation modeling.

In addition, the research focus in this article is the modeling of individual income trends in Germany 
from a regionalized perspective. As Holm and Rephann (2004) point out, the spatial dimension 
in microsimulations: ‘[…] is a useful addition when (1) it improves the accuracy of microsimulation 
models by introducing spatial and geographical variables as driving forces of change and (2) it allows 
results to be presented and interpreted for space and regions.’ (Holm and Rephann, 2004, p. 389). 
As those aspects are of particular importance in the case of projecting income inequality, we will 
use the constructed regional base data and dynamic microsimulation modeling in our further anal-
ysis. The inclusion of the spatial perspective in the simulation process allows us to choose between 
different groupings of the analyzed individuals to present results at different higher levels (district, 

https://microsimulation.pub/subjects/dynamic-microsimulation
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state, east/west, urban/rural, or national). Thus, through dynamic regional microsimulation, we can 
compare the outcomes in income between the regions in the same year. Additionally, we can focus 
on one geographical area over time, disaggregating the income development, e.g., by the immi-
gration history or mean educational level. In addition to regional differences, we can take demo-
graphic changes in the composition of the population into account. This makes it possible to examine 
the interplay of causal individual-level mechanisms with compositional and contextual effects on the 
development of income inequalities.

Furthermore, microsimulation serves as a tool for experimenting, not for exact predictions. Micro-
simulation can be seen as a ‘scientific computer game’ (Spielauer, 2011, p. 11) to test and compare 
the consequences of so-called ‘what-if’ scenarios. Questions as to how the world would look under 
different conditions can be explored. In a regionalized microsimulation, the unfolding of such fictitious 
scenarios can be played through on the individual level, on the contextual level, or they can emerge 
exogenously, e.g., through political interventions. Spatial microsimulation is an appropriate technique 
to build regional profiles, to identify and compare regional patterns of inequality and poverty, which 
may then lead to ‘improvements in the design of policies tailored to local conditions’ (O’Donoghue, 
2021).

3.2 Income models in previous dynamic microsimulations
Researchers use different theoretical concepts and statistical techniques to select and estimate the 
updating parameters in microsimulation models. Due to the heterogeneity of modeling techniques, 
complexity in the models, and the long-term characteristic of dynamic microsimulations, microsimu-
lation models are inevitably different and often criticized as ‘black boxes’ (Dekkers, 2014; Spielauer, 
2011). Nevertheless, all the models have a common denominator: they try to estimate the individuals 
and the change in their characteristics with the highest possible overlap with the real world. stress 
that a poor approximation of the true model in one of the microsimulation modules can induce severe 
errors and diminish the utility and usability of the whole microsimulation model.

Table  A1 gives an overview of microsimulation models that incorporate regression-based 
income models for future analysis in their dynamic microsimulations. It is not an exhaustive list of 
all such models in the world, but rather an attempt to shed light on the ‘black boxes’ of relevant 
and ongoing microsimulation models. We systematize concepts from previous models to compare 
possible approaches and learn from the best practices for estimating individual employment income 
in dynamic microsimulations.4

When estimating income, the challenge of finding an appropriate statistical model is exception-
ally high. On the one hand, it is demanding to adequately simulate the high heterogeneity between 
different individuals according to their characteristics as well as within a person’s life cycle (Andreassen 
et al., 2020). On the other hand, there is state dependency in income projections, i.e., a person’s 
income in the previous time point affects this person’s income in the next time point.5 Table  A1 
indicates that almost all of the selected regression style income models capture state dependency in 
income modeling. The majority of the selected microsimulation models use random effects regression 
(MOSART; Pensim2, Dynasim 3; SESIM 3; MIDAS Italy and MIDAS Germany; T-DYMM; CBOLT). While 
only two models each apply OLS (ZEWDMM; MIDAS Belgium) or OLS-LDV (SVERIGE; Bönke et al., 
2020), the use of more complex hybrid or dynamic panel models is absent.

Regarding variable selection, all models include the individual characteristics that are at the core 
of Mincer’s (1974) equation. Depending on the specific modeling purpose, some microsimulation 
models add a life course perspective on income by measuring the stability of career paths (MOSART) 

4.	 Microsimulation models with the primary objective of simulating pension inequalities are largely excluded 
since we aim to reduce information complexity related to labor-force income models. However, it is worth noting 
that all models from the MIGAPE project also employ income models to project Gender Pension Gaps, including 
the Swiss model (CH-MIDAS; Kirn and Baumann, 2021), Luxembourg model (using LU-MIDAS; Liégeois, 2021 
Portugal model (using DYNAPOR; Moreira et al., 2019), Belgium model (using BE-MIDAS; (Dekkers and Van 
den Bosch, 2020), and the Slovenian model (using DYPENSI; Kump and Stropnik, 2021).
5.	 In the search for appropriate statistical modeling for continuous dependent variables, McLay et al. (2015) 
compare different statistical modeling methods in discrete-time dynamic microsimulation models, where there 
is a non-negligible state dependency in the outcome over time. Their results show that although assumption 
violations are present in all statistical models, ordinary least squares with a lagged dependent variable (OLS-LDV) 
provides the best empirical assessment compared to more complex techniques.

https://microsimulation.pub/subjects/dynamic-microsimulation
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or recent employment experience (SAGE), whilst others concentrate on firm-level characteristics such 
as firm size (MIDAS) or occupational sector (SESIM 3). DYNASIM 3, one of the many extensions of 
Orcutt’s (1961) first core dynamic micrsimulation, contains one of the most detailed behavioral income 
modules with numerous theoretically well-founded individual-level variables (listed in Table A1) and 
separate estimations for homogeneous response groups by age, gender, and race. Taking the indi-
vidual immigration history into account is rare in microsimulations. Apart from the DYNASIM 3, three 
further exceptions are SESIM 3, which controls for nationality, the SVERIGE model, which includes 
country of birth in its estimation, and T-DYMM, which differentiates between areas of birth (Italy, EU 
and non-EU). In addition to individual characteristics, most of the selected microsimulations include 
household variables, such as the number of children or marital status. As emphasized by Holm and 
Rephann (2004), the possibility to capture behavioral effects, such as demographic and household 
processes, is a great advantage of microsimulation modeling.

The aim of this paper is to analyze regional gender- and migration-related differences in income. 
Regional aspects of income modeling have hardly been taken into account in previous models (see 
Table A1). Only two of the models capture the region of residence (DYNASIM 3) or the regional 
unemployment rate (SVERIGE) in their income estimates, whereas both also use the regional unem-
ployment rate in their modeling of the individual employment probability.

German dynamic microsimulations have enjoyed rather reserved attention in international research, 
as the models are relatively small or concentrate on one specific theme (Schnell and Handke, 2020) 
or cohort. Two promising approaches have increased the visibility of German models in the micro-
simulation landscape: ZEWDMM microsimulation (see Table  A1) is a cohort model and combines 
tax-benefit simulations with life-cycle modeling to estimate counterfactuals. Another cohort microsim-
ulation in the German context (Bönke et al., 2020) prognoses one’s lifetime labor income according 
to family and educational status. However, both models focus on one selected cohort and do not 
cover information on migration or regional details. Overall, Germany lacks a nationwide microsim-
ulation infrastructure similar to the Pensim2 population model or the SVERIGE spatial model, which 
would operate and enable regional inequality microsimulations in the long term (Schnell and Handke, 
2020). This gap is now being filled by the MikroSim project.

4. Empirical strategy
The following dynamic microsimulations are based on the simulation infrastructure of the MikroSim 
project, which is presented in section 4.1. We enhance the MikroSim model with an income module. 
Part 4.2 gives details about estimating initial incomes in our base dataset and forecasting incomes 
during the simulation.

4.1 The MikroSim project
MikroSim is a regional dynamic microsimulation model for Germany (see for a detailed description: 
Münnich et al., 2021). It is a discrete-time population model with a synthetic dataset based on infor-
mation from census, administrative, survey, and other small-area datasets. The base population of 
MikroSim consists of over 80 million individuals and nearly 40 million households modeled within 
the 401 German districts (NUTS 3). All processes are simulated separately for each district. Mobility 
between districts is taken into account.6

MikroSim models regional differentiation as well as rural-urban disparities by using appropriate auxil-
iary variables as regional benchmarks and within the models (Münnich et al., 2021). Starting from the 
base year 2011, the characteristics of the micro-units are updated deterministically or stochastically based 
on individual empirical transition probabilities and Monte-Carlo simulation. These updating decisions take 
place modularly, whereas individuals run through the modules each year sequentially for an adjustable 

6.	 The migration module used in the current version of MikroSim is an open migration module. This approach 
involves two key aspects. Firstly, it synthetically creates individuals and households for immigrants, encompassing 
both domestic migration between the districts and international migration. Secondly, the simulation removes 
emigrating individuals from the dataset. The creation of immigrating households is achieved by cloning existing 
households in the base dataset, considering their age-sex-citizenship-group characteristics. These characteristics 
are then adjusted to match the known totals from administrative migration statistics (see a detailed description 
in Ernst et al., 2023, p. 6f.). We consider the known district-level median migration of the first decade of our 
simulation without extreme migration years (2015/16) for projecting international immigration.
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simulation horizon (see Figure 1). Accordingly, MikroSim enables the estimation of regionalized long-
term projections of societal dynamics evolving from individual processes and interrelations within the 
microsimulation population. We use the MikroSim version 2.1.4. (Alsaloum et al., 2022) for our analysis.

MikroSim currently consists of 15 modules specified in Figure 1, with new modules such as housing, 
transport choice, and healthcare to follow near-term. In 10 modules, alignment methods are applied 
to harmonize the simulation outcome with known regional totals.7 We choose a simulation horizon of 
30 years. The benchmarks for the open regional mobility module are selected as the median of the 
last decade’s observed mobility figures.

The income module assigns and projects individual incomes to all employed persons in the labor 
force (ages 15-64), which will determine the subgroup of our analysis. Nearly all modules in MikroSim 
are essential in estimating individual income (see Part 4.2), as they either influence the probability of 
employment and thus the possibility of earning an income or influence income directly via individual 
income-relevant characteristics.

7.	 The modules that apply alignment are mortality, fertility, spatial mobility, partner-finding, marriage, school 
education, vocational training, employment, care and citizenship.

Figure 1. Modules in MikroSim 2.1.4.

Source: own illustration.
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4.2 Income modeling and forecasting in MikroSim
The income module estimates average monthly individual net income for the working population. 
Income is defined as the sum of all income components after taxes and transfers, including income 
from labor, capital, pensions, public payments and other incomes. As explained in Section 2, we 
believe that monthly net income provides the best picture of what an individual actually has left to 
spend at the end of the month. First of all, the realized net earnings determine women’s and migrant’s 
participation in the economy. Moreover, monthly net income captures imbalances in employment 
patterns which gross hourly wages fail to account for (Leythienne and Pérez-Julián, 2021).

The income models are based on data from the 2011 to 2014 German microcensus. The micro-
census provides individual net incomes, i.e. the sum of all income components after taxes and transfers, 
originally reported in 24 disjunctive classes and interpolated using generalized Pareto interpolation 
to derive a continuous measure. For descriptive statistics of the interpolated income measure, see 
Table A5 in the Appendix. The estimation comprises two steps: (1) the assignment of initial earnings 
in the beginning of the simulation and throughout the simulation for each individual that enters the 
labor market and (2) the projection of incomes for individuals who have already been employed in the 
previous period. As described in Section 3.2 and shown in Table A1, a similar procedure is chosen by 
Holm et al. (2007).

Initial earnings are estimated for the working population before the start of the simulation and for 
each individual that enters the labor market during the simulation based on Equation 1. The majority 
of dynamic microsimulation models reviewed in Section 3.2 use random effect modeling approaches.8 
Following this consensus, we estimate a model of the following form for initial earnings:

	﻿‍ log(yit) = γγγi + Xitβββ + εεεit‍� (1)

with ‍yit‍ being the individual net incomes, ‍Xit‍ the observed characteristics, ‍β‍ the coefficients, and 

‍εit ∼ N(0,σ2)‍ the normally distributed error terms for each individual ﻿‍ i‍ at time ﻿‍ t‍. The independent 
individual random effects ‍γi ∼ N(0, τ2)‍ capture unobserved heterogeneity. The covariates cover indi-
vidual, household and regional aspects whereas the latter also serve as a proxy for regional employer 
characteristics (see Table A2 in the Appendix).

The simulation of initial income is based on the attributes ‍Xit‍ and the estimated associated param-
eters ‍̂β‍ from Equation 1, which are presented in Table A3, and the disturbance term ‍εit ∼ N(0,σ2)‍. The 
latter is drawn from a normal distribution with estimated variance ﻿‍σ̂2‍ and added to the mean income 
predictions for each individual. Moreover, the individual random effect ‍γit ∼ N(0, τ2)‍ from Equation 1 
is added once at the start of the simulation and used for predictions over the whole life cycle repre-
senting the individual’s ability.

In the course of the simulation, the projection of earnings is modelled by:

	﻿‍ log(yit) = γγγi + log(yit−1) + Xitβββ + εεεit‍� (2)

with independent individual random effects ‍γi ∼ N(0, τ2)‍ capturing unobserved heterogeneity and 
lagged incomes ‍log(yit−1)‍. For the projection of income for those who have been in the labor market 
in the previous period, we use the estimated coefficients ‍̂β‍ from Equation 2, shown in Table A4 and 
draw a disturbance term ‍̃εit‍ from a normal distribution with estimated variance ﻿‍σ̂2‍ from Equation 2 and 
add it the mean predictions.

In general, aligning income modules can enhance the accuracy and policy relevance of the models 
by capturing income disparities more realistically. In other words, alignment ensures the consistency of 
the disaggregated inequality measures with known macro figures. However, the alignment also comes 
with challenges related to the data limitations, oversimplification, model complexity, and the potential 
of manipulation. In the case of MikroSim, the income module was not aligned due to the absence of 
adequate regional benchmarks, conceptual differences in available income measures, and to avoid 
further assumptions. Furthermore, if the survey income distribution and chosen benchmarks signifi-
cantly differ and no data for distributional adjustments are available to make the two sources consis-
tent, aligning the income module to income aggregates results in a change in income distribution. 

8.	 Furthermore, we prefer random effects estimators over fixed effects models for flexibility in our microsimu-
lation. This preference arises from fixed effects models’ limitations in testing scenarios involving time-invariant 
variables (McLay et al., 2015).
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As a result, O’Donoghue et al. (2013) chose not to calibrate average incomes in their microsimu-
lation model to national accounts totals. In addition, most of the microsimulation models reviewed 
in Table A1 and Section 3.2 do not calibrate income to known benchmarks. Alignment of income 
to growth assumptions or other projections is more commonly utilized in various models such as 
DYNASIM 3, MIDAS, T-DYMM, and CBOLT. DYNASIM 3 employs wage growth assumptions for future 
periods, MIDAS uses corrected growth rates and macroeconomic productivity assumptions, T-DYMM 
incorporates labor productivity growth and consumer price index, while CBOLT utilizes economic 
projections. In addition, a linkage of our MikroSim model with a macro model including labor demand 
is currently being tested. However, it is not essential for the answering of the research questions of 
this paper.9

We estimate the models separately for men and women.10 The separate modeling for female and 
male workers follows the suggestion of Blinder (1973) and Oaxaca (1973). In addition, as explained 
in Table A1 most other microsimulation models also differentiate their models by gender. Figure A3 in 
the Appendix presents maps of the relative spatial income distributions from our simulated MikroSim 
income compared to data from the Tax Statistics and the Federal Employment Agency. For all three 
datasets, the spatial distribution is relatively similar, with male income largely driving overall regional 
disparities.

4.3 Driving factors of income gaps & ‘what-if’ scenarios
After modeling income and incorporating it into the microsimulation, we shift to analyzing gender 
and migration inequalities in income gaps. We apply the Blinder-Oaxaca decomposition method 
(Blinder, 1973; Oaxaca, 1973) by using the R package oaxaca (Hlavac, 2022) to analyze mean income 
differences in the working population across gender and immigration status. These analyses aim to 
determine what proportion of the gap is due to compositional differences in the characteristics of 
individuals and to what extent the effects of the influencing variables differ systematically depending 
on the group studied. To analyze the possible dynamics in the gender and migrant gaps, we must 
understand the driving forces and the differences in the composition of the population according to 
income-relevant factors. Hence, the following empirical results provide a better understanding of the 
future dynamics and the rationale for our ‘what-if’ scenarios.

In our analysis sample, the average net income of men is about 2300 euros, while women have 
about 1400 euros per month at their disposal. The resulting difference can be attributed to variations 
in the magnitude of the effects between men and women of approx. 55%, to group allocation differ-
ences of approx. 30% and to their interaction of approx. 15%.11

The decomposition results show compositional differences between the sexes in part-time, higher 
education, white-collar workers, and self-employment (see Figure  A1, Endowments). Of these, 
the strongest driver of the gender pay gap is the difference in the share of part-time employment 
between women and men (47% vs. 9%). More men are self-employed, which enlarges the gap, yet a 
higher proportion of women fill the white-collar jobs, which reduces the gap as these jobs are better 
remunerated. Furthermore, slightly more men than women (30% vs. 25%) have a university degree - a 
former trend that has already reversed in the younger cohorts and will become visible in the overall 
composition of the population in the long run (OECD, 2022).

In addition, the magnitude of the coefficients of some variables differs according to gender (see 
Figure A1, Coefficients). For example, the effect of being married is 480 euros larger for men than for 
women, i.e., men seem to gain from being married (390 euros), while women seem to even lose on 
average (90 euros). The same applies to the income effect of a university degree, which is, on average, 
300 euros higher for men than for women, indicating that the utility of tertiary education is in favor of 
men. Although women suffer less income loss from working part-time compared to men, this cannot 
compensate for the large gap in working hours described above.

9.	 See an overview of the growing number of models linking a macroeconomic and a microsimu-lation model in 
Colombo (2018).
10.	In addition, we have also estimated alternative models by gender and immigration. However, due to the small 
number of cases in some migrant groups by region, we didn’t achieve robust results.
11.	The strong contribution of the coefficients can be explained in particular by the different intercepts and age 
effects.
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Based on the decomposition results, we want to explore the overall gender income gap devel-
opments in a scenario where there are no differences in the composition of part- and full-time 
work between the sexes. Given that the share of women working part-time is nearly 38 percentage 
points higher than that of men, this is the most crucial factor for the unadjusted income gap in 
Germany and therefore serves as the first scenario in our microsimulation. In this context, it is 
particularly interesting to see how the effects of the scenario differ regionally, as the starting points 
of full-time female employment within Germany are historically different. Scenario 1: how much 
would the regional gender gaps in income reduce if women’s working time was equal to that of 
men?

In the second scenario, we are interested in the contribution of differences in the educational attain-
ment between the sexes on the development of the gender income gap. The results in Figure A1 
show that the higher share of men with tertiary education widens the gender income gap. Moreover, 
as the gender ratio in tertiary education is changing in favor of women, the possible outcomes can 
only be analyzed from a long-term perspective. That leads us to our scenario on egalitarian endow-
ments of higher education: Scenario 2: how would the dynamics of the gender income gap develop if 
the share of tertiary education was the same for women as for men?

The average net income of the majority population (women and men) in our study sample lies at 
around 1900 euros, while the average income of migrants is around 1600 euros per month. Thus, the 
unadjusted migrant income gap amounts to about 15%.

Systematic compositional differences between migrants and the majority population are found in 
nearly all variables in the model. The driving forces that widen the gap (see Figure A2, Endowments) 
are the higher proportion of migrants with lower educational attainment (9% vs. 28%) and, in contrast, 
the lower proportion of migrants with tertiary education (29% vs. 22%). In addition, the majority popu-
lation is more frequently employed in government and white-collar jobs than the migrant population, 
while migrants are more likely to work part-time, further widening the income gap. Compositional 
effects that narrow the gap include the group-specific allocation in regional variables. Migrants are 
more likely to be located in areas with higher population density and in western and southern Germany, 
whereas fewer migrants reside in areas with higher unemployment rates and in eastern and northern 
Germany. This suggests that allocation dynamics play an essential role in moderating migrants’ future 
incomes, which must be considered when projecting inequalities between the migrant and majority 
population.

Furthermore, the decomposition results show group differences in some of the coefficients (see 
Figure A2, Coefficients). Compared to post-secondary education, the income losses of the majority 
population due to lower education are even more severe than for the migrant population. For tertiary 
education, however, the benefit for the migrant population is, on average, 71 euros lower than for the 
majority population. The income loss from working part-time is in turn higher for the majority popu-
lation as for the migrant population, narrowing the migrant income gap on average. Yet, it can not 
counterbalance the gap-widening compositional effects of more migrants in part-time employment 
discussed above.

Based on the decomposition of the migrant income gap, we are interested in manipulating one 
of the main explanations behind the differences – the share of full-time employment in the migrant 
population. Our scenario will level out the differences of 19 percentage points in working time, thus 
‘assimilating’ the working hours of the migrant population with the working hours of the majority 
population. It is interesting to see the possible effects of this adjustment, as the magnitude effects 
discussed above have shown that the increase in income from part- to full-time employment is not 
as strong for migrants as for the majority population. Scenario 3: how much would the income gap 
between migrants and the majority population be reduced if migrants’ working hours were equal to 
those of the majority population?

The second scenario regarding the migrant income gap addresses educational differences in 
tertiary education. As seen in the compositional effects, the lower share of migrants with a university 
degree widens the income gap between migrants and the majority population. Thus, leveling this 
compositional effect of tertiary education gives a better picture of the inequality-reducing potential 
in educational integration processes. Moreover, the regional perspective is relevant here because the 
proportion of migrants with tertiary education shifts as migrant groups change (Granato, 2014), and, 
the allocation and composition of those changing migrant groups diverge regionally. Scenario 4: how 
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would the regional dynamics of the migrant income gap develop if the share of tertiary education 
were the same in the migrant population?

All our scenarios start in 2020 when the calibration of our simulation currently ends. The scenarios 
are implemented by adjusting the regional relative benchmarks for full-time employment and higher 
education for women and migrants to match those for men and the majority population, respectively. 
We chose to model these scenarios with the intention of explaining the maximum possible reduction 
in income inequality that can be achieved if the scenario under consideration applies.

5. Microsimulation results
This section describes the effects of the four scenarios on the regional gender and migrant income 
gaps over time. Our results indicate that the gender income gap in Germany starts at roughly 38% in 
the base year 2011 and narrows to 26% over the course of the 30-year simulation horizon. In contrast, 
the migrant income gap is 13% in 2011 and remains at about the same level over 30 years. Our initial 
values are in the same range as other statistical estimates, although no fully comparable benchmarks 
exist (see Chapter 2).

5.1 Baseline results
Figure 2 shows the development of mean income values from 2011 to 2040. By 2020, income is 
increased due to the upward calibration of other modules that affect income estimation. Structural 
increases in the covariates lead to increases in the estimated mean incomes, such as rising numbers 
of births in the first five years of the simulation (which are aligned with observed regional benchmarks) 
and higher levels of tertiary education. Average income gains are slightly higher in eastern Germany, 
so there is a modest convergence between east and west in urban and rural areas. From 2020, we see 
a convergence in mean incomes between urban and rural areas in the West (note the green lines) and 
a divergence in the East (note the blue lines).

In addition, Figures A4–A6 in the Appendix show the simulated working, total, and migrant popu-
lation by regions and degrees of urbanization. Overall, the simulated labor force and population 
figures are relatively stable over time. In the East, the simulated population shows tendencies of rural 
exodus. Population aging is particularly pronounced in the West: While the simulated labor force 
declines from 2020, the total simulated population of western Germany remains relatively constant. 
Furthermore, over the entire simulation period, a constant trend in immigration inflows is projected. 
Notably, the cumulative number of first-generation migrants is rising, particularly in western Germany 

Figure 2. Mean income by region in the base scenario.

Note: The figure shows the simulated mean income values from 2011 to 2040. The colors indicate regions: East Germany (blue) 
and West Germany (green). Source: own illustration.
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and urban areas. Understanding the evolution of these regional demographic trends holds significant 
relevance for income estimation. Urbanization, for instance, contributes to the increase in average 
incomes; however, it has divergent effects on gender and migrant income gaps (see Section 2). For an 
overview of the development of all the explanatory variables between 2011 and 2040, see Table A6 
in the Appendix.

5.2 Gender income gap results
To shed light on the regional scenario effects over time, Figure  3 compares the dynamics of the 
gender income gap in the East (blue) and West (green). Our results indicate gender income gaps of 
roughly 17% in the East and 33% in the West of Germany in the year 2020, which is in line with the 
current literature. For instance, Bönke et al. (2020) and Fuchs et al. (2021) also find larger gender 
gaps in western Germany. Regarding dynamics, there are three key findings: first, the gender income 
gaps are closing over time in the baseline scenario. Second, the decrease is more pronounced in the 
East. Third, both scenarios accelerate the narrowing; especially the full-time scenario.

One aspect that contributes to the differences in dynamics between East and West Germany is the 
heterogeneity of male incomes, which are unaltered across all scenarios. On average, men are paid 
less and there are fewer top earners in eastern Germany than in the West, and female incomes are 
more homogeneous across Germany. The gender income gap in the East is primarily due to lower 
earnings of women, while in the West, it is driven by higher incomes of men (see Figure A3 in the 
Appendix). This means that women’s earnings contribute disproportionately to the gender income 
gap in the East. As women’s earnings increase, the income gap is closing faster in the East compared 
to the West. Fuchs et  al. (2021) also find that gender differences in individual characteristics are 
important drivers in regions with low gender pay gaps, while job-related characteristics are more 
relevant in regions with higher gaps.

Several factors drive the reduction in the simulated gender income gap in the baseline scenario. 
First, the decline in marriages, the emergence of new living arrangemkents, and the decline in birth 
rates strongly impact the income distribution. Second, women’s rising educational attainment levels 
between 2011 and 2040 improve their access to higher-paying job opportunities (see Figure A7). 
Additionally, women moving to urban areas and benefiting from the urban wage premium narrow the 

Figure 3. Gender income gaps by region and scenario.

Note: The figure shows the simulated percentage changes in the gender income gap from 2020 to 2040. The colors indicate 
regions: East Germany (blue) and West Germany (green), while the line types differentiate between the scenarios: base (solid), 
university endowments of women adapted men (dotted), and full-time rates women adapted to men (dashed). Source: own 
illustration.
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income gap (as illustrated in Section 2.1).12 Lastly, the increasing presence of women in state-worker 
and white-collar occupations, which offer higher salaries, also contributes to reducing the dynamics 
of the gender income gap (see Table A4 for the coefficients, Table A6 for the development, and 
Figure A1 for the relative importance of the factors).

Figure 4 disentangles the dynamics between rural and urban regions by extending the previous 
comparison with the additional district type dimension. The left and right side show results for rural 
and urban districts respectively. The differences between rural and urban areas are relatively small in 
the West, whereas a rural-urban divergence is observed in the East. Urban regions are associated with 
a large reduction in the gender income gap in the East, which is most pronounced in the full-time 
scenario. Hence, the fact that working-age women in East Germany live mostly in urban areas acceler-
ates the closing of the income gap in the East, especially in the full-time scenario.

Another possible reason for the faster decrease in the East could be less structural discrimina-
tion. Especially in urban areas, the potential to discriminate against women is restricted due to more 
competitive labor markets (Hirsch et al., 2013). In addition, agglomeration effects lead to an urban 
wage premium, which is found to be larger for women in Germany (Nisic, 2017). In the East, it is more 
profitable for women to live in urban areas than in rural regions. The difference between eastern and 
western rural areas can be explained by the fact that many rural areas in eastern Germany are structur-
ally weak, with fewer large and industrial firms, while some rural areas in western Germany have large, 
well-performing firms in high-paying sectors such as technology and innovation.

For detailed spatial analysis, Figure 5 shows the simulation results at the level of the 401 German 
districts for the final simulation year 2040, using the baseline (left), Scenario 1 (middle), and Scenario 
2 (right). The colors correspond to the size of the gender income gap, with darker colors indicating 
larger values. All three maps reflect a clear east-west divide. While the largest gender income gaps 
are observed in the southern and western parts of Germany, the values are much lower in the East.13 
Additionally, the urban areas have significantly lower values than the rural regions. Regarding the 
scenarios, the map of equal full-time rates is much brighter, reflecting the strong reduction in the local 
gender income gaps with rates between –12 and 26% (compared to the baseline with rates between 1 
and 38% and the university education scenario between 2 and 37%). In addition, some negative rates 

12.	This effect is approximated in the income modeling by the coefficient of population density, which is positive 
and larger for women than for men (see Table A4).
13.	This effect is captured in the income modeling by the fact that the East coefficient is negative for men and 
positive (though very small) for women.

Figure 4. Gender income gaps in East and West by district type and scenario.

Note: The figure shows the simulated percentage changes in the gender income gap from 2020 to 2040 for rural (left side) 
and urban areas (right side). The colors indicate regions: East Germany (blue) and West Germany (green), while the line types 
differentiate between the scenarios: base (solid), university endowments of women adapted men (dotted), and full-time rates 
women adapted to men (dashed). Source: own illustration.
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stand out in those regions where women would earn more than men. Our results are in line with Fuchs 
et al. (2021), who also find local gender pay gaps between –4 and 40% for the German districts.

In conclusion, these findings suggest that individual work-related characteristics contribute substan-
tially to the gender income gap in the East, while more structural factors, such as job availability and 
choice, dominate in the West of Germany. Hence, setting the right incentives and socio-economic 
conditions to change individual behavior, especially in terms of increased working hours, seems to be 
a promising approach to reduce gender income inequalities in East Germany. In the West, however, 
more structural changes seem to be essential, such as counteracting occupational and educational 
segregation or increasing the number of female leaders or top earners.

To reduce the income gap, concrete measures to increase women’s hours worked and educational 
attainment in Germany include expanding affordable childcare options (Zucco and Lott, 2021). More-
over, companies could be encouraged to implement flexible work arrangements (Boll et al., 2022) 
and to provide more wage transparency (Peichl and Rude, 2022; Gust and Kinne, 2022). Further 
promising political measures include expanding quota regulation in gainful employment and care 
work (Görges, 2022), providing career support programs for women, and offering support for female 
entrepreneurship (Herold et al., 2022). Another measure tailored to the German context is the reform 
of the current tax system, specifically concerning ’Ehegattensplitting’ (Peichl and Rude, 2022; Zucco 
and Lott, 2021).14

14.	Ehegattensplitting’ (marital splitting) is a tax policy in Germany that allows married couples to split their joint 
income for tax purposes, which can have an impact on women’s working hours. The policy has been criticized for 
creating a disincentive for the lower-earning spouse, often women, to seek employment or work full-time, as it 
can result in a reduced tax burden if one spouse earns significantly less or stays out of the workforce altogether. 
This can perpetuate traditional gender roles and hinder women’s economic independence and career advance-
ment. By creating an environment that supports women’s educational attainment and increased participation in 
the labor market, these policies can help reduce the income gap and promote gender equality.

Figure 5. Regional differences in gender income gaps.

Note: The figures illustrate the simulated gender income gaps in 2040 across the 401 German districts under different scenarios: 
base (left), full-time rates of women adapted to men (middle), and university endowments of women adapted to men (right). 
Lighter col-ors represent smaller gaps, whereas darker colors correspond to larger wage gaps. Source: own illustration.
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5.3 Migrant income gap results
Our simulations estimate a migrant income gap for first-generation migrants who immigrated to 
Germany themselves. The migrant income gap is relatively stable over the simulation period, while 
it varies considerably by migrant groups. We find an inverted U-shaped migrant income gap: with 
a baseline of 13% in 2011 and a peak of 15% in 2019, the gap gradually decreases and is back to 
around 13% in 2040. This temporal dynamic in the migrant income gap goes hand in hand with the 
composition of migrant groups: the share of resettlers with relatively high incomes decreases, which 
increases the gap. In later years, however, the proportion of EU migrants with higher average incomes 
rises, which narrows and stabilizes the gap. The results are consistent with the heterogeneous income 
patterns of migrant groups in Germany known from previous studies (Statistisches Bundesamt and 
Wissenschaftszentrum Berlin Für Sozial-Forschung and Bundesinstitut Für Bevölkerungsfor-
schung, 2021) and underline the importance of compositional dynamics for interpreting simulation 
results (see Table A6). Furthermore, in the baseline scenario, the educational level of migrants is seen 
to increase in tandem with the educational level of the majority population (see Figure A8). This 
progressive trend enables migrants’ incomes to maintain pace with those of the majority population.

Figure 6 shows these dynamics in the migrant income gap differentiated by East (blue) and West 
(green) Germany. While the migrant earnings gap decreases in both regions from 2020 onward in the 
baseline scenario, the decline is more substantial in the East and levels out the initial higher earnings 
gap in eastern Germany. In addition, both scenarios reduce the earnings gap of migrants, with the 
effect of the full-time scenario showing a steeper decline in the West.

Figure 7 adds another angle on the regional view of the income inequalities between migrants and 
the majority population according to their residence. It is only in this further regional analysis by rural 
(left) and urban (right) areas that the scenarios unfold their different spatial implications. The steeper 
decline under the full-time scenario in West Germany shows an even higher reduction of the migrant 
income gap in the rural areas of West Germany compared to rural areas in the East. Moreover, equal 
higher education has only a marginal effect in urban areas, while in rural areas, the scenario has a more 
noticeable reductive effect on the migrant income gap.

Overall, it can be said that Scenario 3 has the potential, via composition effects, to reduce the 
migrant income gap by even more than half, especially in the West and in rural areas where more 
migrants work part-time. Although overall migrant income inequality is somewhat higher in urban 
areas, the compositional adjustment in Scenario 4 has a lower effect on these areas. This is consistent 
with previous research on wage differentials, which finds the highest wage differentials in urban areas 

Figure 6. Migrant income gaps by region and scenario.

Note: The figure shows the simulated percentage changes in the migrant income gap from 2020 to 2040. The colors indicate 
regions: East Germany (blue) and West Germany (green), while the line types differentiate between the scenarios: base (solid), 
university endowments of migrants adapted to the majority population (dotted), and full-time rates of migrants adapted to the 
majority population (dashed). Source: own illustration.
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Figure 8. Regional differences in migrant income gaps.

Note: The figures illustrate the simulated migrant income gaps in 2040 across the 401 German districts under different scenarios: 
base (left), full-time rates of migrants adapted to the majority population (middle), and university endowments of migrants 
adapted to the majority population (right). Lighter colors represent smaller gaps, whereas darker colors correspond to larger wage 
gaps. Extreme outliers result from a limited number of observations in some districts. Source: own illustration.

Figure 7. Migrant income gaps in East and West by district type and scenario.

Note: The figure shows the simulated percentage changes in the migrant income gap from 2020 to 2040 for rural (left side) 
and urban areas (right side). The colors indicate regions: East Germany (blue) and West Germany (green), while the line types 
differentiate between the scenarios: base (solid), university endowments of migrants adapted to the majority population (dotted), 
and full-time rates of migrants adapted to the majority population (dashed). Source: own illustration.
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(Schmid, 2022) and among highly skilled migrants (Beyer, 2019), further indicating a different utility 
function of education for migrants and the majority population. Thus, the dynamics of the migrant 
wage gap cannot be reduced universally by simply adjusting composition characteristics, suggesting 
that a change in individual factors may have an impact in some (here: rural) regions, while in others, 
job-related characteristics are additionally crucial.

Figure 8 provides a detailed regional overview of migrants’ income gaps at the end of our simu-
lation horizon by districts in Germany. On the left, we can see the income gaps in the baseline. In the 
middle, we observe the proportion of migrants in full-time employment (Scenario 3), and on the right, 
the composition of migrants with higher educational attainment (Scenario 4), aligned with the majority 
population. The dark-colored extreme outliers on all maps reflect some regions in the East and rural 
areas with smaller migrant populations (Statistisches Bundesamt, 2022) and should therefore be 
interpreted with caution. The lighter coloring of the scenario maps indicates that both scenarios show 
an effect, but only the full-time scenario can substantially reduce the migrant income gap. In contrast 
to the gender income gap (Figure 5), we do not see a clear east-west division in the migrant income 
gap.

The simulation results are consistent with those of Hillmert, et al. (2017), who estimate regionally 
varying migrant gaps. However, we find no possibility of leveling out the migrant gaps in the eastern 
or western regions by controlling for individual characteristics, at least not merely working hours or 
higher education. As Amo-Agyei (2020) points out, closing the migrant wage gap requires policies 
that target different levels of income distribution and specific sectors of the economy. Furthermore, 
counteracting the existing lower returns of higher education could serve as a potential approach for 
reducing the regional migrant income gap (Beyer, 2019). In this regard, microsimulation shows that 
it may be beneficial to consider regional characteristics when planning and implementing potential 
policies to reduce migrant income inequality.

Implementing measures aimed at reducing the income gap between men and women can posi-
tively impact the income disparity among migrants as well (see Section 5.2). For migrant women, who 
often face a ’double wage penalty,’ initiatives such as increasing the availability of childcare facilities, 
offering flexible work arrangements, and providing career planning support can be particularly benefi-
cial. Migrants also encounter challenges due to the limited transferability of their qualifications, which 
can hinder their employment prospects and earning potential, especially in Germany (Aldashev et al., 
2012). To address this, improving the recognition and applicability of foreign qualifications is essential, 
enabling individuals to make informed career decisions based on their actual qualifications. This would 
unlock the full potential of the migrant workforce and reduce economic inefficiencies (Ingwersen and 
Thomsen, 2019, p. 20). Moreover, migrants have a proportionally higher share of lower educational 
attainment, as depicted in Figure A2, and often experience ’sticky floors’ in terms of lower wages 
(Schmid, 2022). Therefore, implementing targeted programs such as vocational training, language and 
literacy programs, and lifelong learning (Coca Gamito, 2022) can play a significant role in reducing the 
income gap for migrants. Moreover, in urban areas, where diverging reduction potential in migrant pay 
gaps is observed (see Figure 7), promoting pay transparency and strengthening anti-discrimination 
laws can help overcome the ’glass ceiling’ faced by highly skilled migrants (Schmid, 2022).

6. Conclusion
The research literature has extensively examined gender- and migration-related inequalities at the 
global and national levels, while less is known about the regional dimensions of these inequalities, 
particularly over time. Although the German government has been striving for equal living conditions, 
regional disparities persist, particularly regarding regional income differences (Immel and Peichl, 
2020). This paper aims to examine the potential dynamics in gender and migrant income gaps across 
German districts.

We use regionalized dynamic microsimulations to analyze how income inequalities might develop 
in the long run and under different conditions. The dynamic microsimulation approach allows the 
modeling of interrelated factors driving the gaps at the individual, household, and regional levels 
and to capture changes in these characteristics over time. Using the MikroSim model for Germany, 
we simulate four scenarios adjusting full-time employment rates and tertiary education levels for a) 
women to align with those of men, and b) immigrants to align with those of the majority population, 
separately for each district.
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The results show that the scenarios affect the regional inequality dynamics differently. Regarding 
gender inequalities, the future income gaps narrow in all regions, with the largest declines in urban 
areas in the East and the full-time scenario. The regional migrant income gaps also decrease signifi-
cantly in the full-time scenario relative to the baseline, whereas here, the declines are more pronounced 
for rural areas and in western Germany. Hence, increased working hours of women and migrants, 
which is often discussed as a potential remedy to the skills shortage, seems to be effective in reducing 
income inequalities.

While this paper models extreme scenarios, a deliberate choice to assess the maximum potential 
impact, future research could explore some more specific policy interventions. For instance, more 
childcare facilities could gradually become available, leading to a step-wise adjustment of women’s 
full-time labor force participation. Furthermore, research on earning differentials shows that women 
earn significantly less on average, even when controlling for the field of study (Leuze and Strauß, 
2009), and that returns on education vary between the majority population, EU workers, and non-EU 
workers, with the latter having the lowest returns (Coca Gamito, 2022). This could be a potential 
application area for future microsimulation analyses to eliminate differences in the returns from tertiary 
education between (a) women and men and (b) migrants and the majority population. Other potential 
areas to explore include occupational segregation, vocational status, and the activation of the hidden, 
currently non-working, labor force.

In conclusion, this paper enhances the current understanding of regional income inequalities over 
time in Germany. We provide evidence that the regional perspective is essential for inequality anal-
ysis, as the simulated scenarios reveal regionally differentiated outcomes. The results also illustrate 
that regional microsimulations can provide insights into varying dynamics within a society sensitive 
to changes in individual socio-demographics and local economies. Gaining an insight into regional 
developments of this kind is necessary for efficient local politics and regional institutions. For the 
German case, the MikroSim simulation infrastructure is well suited to analyze future regional dynamics 
and can be flexibly adapted for specific research interests.
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Appendix A

Figure A1. Income gap decomposition by gender1.
Note: The figure shows how far the coefficients (left-hand side) and endowments (right-hand side) widen or narrow the 
gender income gap. The decomposition results show differences in the magnitude of the coefficients of all independent 
variables according to gender. While the left-hand side illustrates the effects that narrow the gender income gap, the right-
hand side shows the driving forces behind the widening of the gap. The endowments show compo-sitional differences 
between the sexes. The reducing factors of the income gap are shown on the left-hand side, whereas the drivers of the 
income gap are illustrated on the right-hand side.

For detailed descriptions of the variables and reference categories, see Table A2. Source: own illustration.

Figure A2. Income gap decomposition by migration status.

1.	 Although the different migrant groups were included in the income modeling, they do not contribute 
significantly to explaining the gender pay gap and were therefore excluded from the illustration.
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Note: The figure shows how far the coefficients (left-hand side) and endowments (right-hand side) widen or narrow the 
income gap between the migrant and majority population. The decomposition results show differences in the magnitude 
of the coefficients of all independent variables according to migration. While the left-hand side illustrates the effects 
that narrow the migrant income gap, the right-hand side shows the driving forces behind the widening of the gap. The 
endowments show compositional differences between the majority and the migrant population. The reducing factors of 
the income gap are shown on the left-hand side, whereas the drivers of the migrant income gap are illustrated on the 
right-hand side. For detailed descriptions of the variables and reference categories, see Table A2. Source: own illustration.
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Figure A3. Validation of relative individual income by sex and districts, 2014.
Note: Since the absolute values are on different scales due to the conceptual mismatches and different frames of the 
underlying datasets, only the comparison of the relative spatial income distributions is meaningful between the three 
datasets. Darker colors indicate larger individual income medians. Source: own illustration based on Tax Data 2014, INKAR 
database, and MikroSim.

Figure A4. Working population by region in the base scenario.
Note: The figure shows the simulated working population in millions from 2011 to 2040. The colors indicate regions: East 
Germany (blue) and West Germany (green). Source: own illustration.

Figure A5. Population by region in the base scenario.
Note: The figure shows the simulated population in millions from 2011 to 2040. The colors indicate regions: East Germany 
(blue) and West Germany (green). Source: own illustration.
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Figure A6. First generation migrants by region in the base scenario.
Note: The figure shows the simulated migrant population in millions from 2011 to 2040. The colors indicate regions: East 
Germany (blue) and West Germany (green). Source: own illustration.

Figure A7. Rate of tertiary education by region in the base scenario.
Note: The figure shows the simulated rate of tertiary education of men (green) and women (blue) in the labor force from 
2011 to 2040. Source: own illustration.
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Figure A8. Migrants by region in the base scenario.
Note: The figure shows the simulated rate of tertiary education of the majority population (green) and migrants (blue) in 
the labor force from 2011 to 2040. Source: own illustration.

Table A1. Income Estimation in Selected Microsimulation Models*

Author & 
Date Model Country Data Measure Estimation Covariates Alignment

Regional 
variables

Andreassen 
et al. (2020)

MOSART Norway Administrative 
data registers 
from Norway

Logarithm of 
labor income

RE models by  
different 
cohorts

Age, gender, 
partnership
status, children,
(ongoing) 
education,
seniority, pension 
(type
of pension), stable
career path, time
outside the labor 
force,
year of observation

Demographic
modules are 
aligned
to results from
Statistics Norway’s
official population
projections; for 
years
with actual
observations 
aligned
to these

No

Bonin et al. 
(2015)

ZEWDMM Germany German Socio-
Economic Panel 
(GSOEP) 2009 
data of 25 to 29 
aged cohort

Logarithm of 
gross hourly 
wage

OLS by 
gender

Education, working 
experience, firm 
tenure

No No

Bönke et al. 
(2020)

Germany German Socio-
Economic Panel 
(GSOEP) 1964 to 
1985 cohorts until 
age 60

Lifetime 
income 
(logarithm of 
labor income)

OLS-LDV by 
gender

Full- and part-
time, employment 
experience, 
income from 
last two years, 
education, 
marriage, working 
hours

No No
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Author & 
Date Model Country Data Measure Estimation Covariates Alignment

Regional 
variables

Conti et al. 
(2023)

T-DYMM Italy AD-SILC;
administrative 
and longitudinal 
survey data

Monthly labor 
income

RE models by 
occupational 
group

Differentiated by 
groups, complete 
list: gender, 
born in EU, 
education, number 
and ages of 
children, working 
experience, 
working 
experience†, 
permanent 
contract, part-time, 
employment status 
of partner

Demographic
modules; income
aligned to labor
productivity growth
and consumer 
price
index

No

Dekkers et al. 
(2009)

MIDAS Belgium, 
Italy

Belgium: Panel 
Households 
(PSBH); Germany: 
German Socio-
Economic
Panel (SOEP); 
Italy:
European 
Community 
Household Panel 
(ECHP)

Logarithm of 
hourly

Belgium: OLS 
by germany 
and Italy: RE 
by gender

Belgium: Age, 
age†,
education; 
Germany:
Potential 
experience (=
age - years in
education), 
potential 
experience†, 
education,
marital status, firm 
size,
number of children,
chronically ill, 
tenure,
public sector; Italy:
Potential 
experience, 
potential 
experience†,
education, public 
sector,
permanent 
contract,
duration in work

Corrected growth
individual hourly
wage rates,
additional
macroeconomic 
productivity
assumptions

No†

Emmerson 
et al. (2004)

Pensim2 UK British Household 
Panel Survey 
(BHPS)

Earnings RE models Work history 
(including 
occupation, 
industry and 
sector), year of 
education

No No

Favreault and 
Smith (2004); 
Favreault 
et al. (2015)

DYNASIM III 
& MINT8

US Survey of Income
and Program
Participation
(SIPP), Panel 
Study
of Income 
Dynamics
(PSID), National
Longitudinal 
Survey
of Youth (NLSY)

Logarithm of 
hourly
wages for 
individuals
with positive 
income
for the year

RE models by 
age, gender 
and race

Marital status,
education level,
additional age 
splines,
region of 
residence,
disability status, in
school, birth 
cohort, job
tenure, education
level*age splines,
number and 
ages of
children, health 
status,
disability 
beneficiary
status

Wage growth 
assumptions are 
used for future 
periods

Yes

Flood (2008) SESIM III Sweden LINDA
administrative 
panel
database; SCB
income 
distribution
survey and other

Logarithm 
of full-time 
earnings

RE models by 
occupational 
sector and 
gender

Working 
experience, 
education, marital 
status, nationality

Only 
demographics

No

Holm et al. 
(2007)

SVERIGE Sweden Base dataset
population of
Sweden, ASTRID
panel database

Relative 
earnings
(lagged 
monthly
earnings 
divided by
the average
earnings)

OLS for full- 
and part-time 
workers

Age, gender, 
education,
education the year
before, regional
unemployment 
rate

Demographic
modules are 
aligned
to aggregate
indicators from
observed data and
projections from
Statistics Sweden

Yes
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Author & 
Date Model Country Data Measure Estimation Covariates Alignment

Regional 
variables

Income 
change
(yearly 
change of
earnings)

OLS-LDV 
for six
different 
groups (got
unemployed,
emigrated, 
got
employed,
immigrated,
migrated, 
ordinary
group)

Gender, age, 
education,
civil status, former
salary, born in 
Sweden

Schwabish 
and Topoleski 
(2013)

CBOLT US Data from the 
Social
Security
Administration
(SSA), Survey of
Income and 
Program
Participation
(SIPP), Health 
and
Retirement 
Survey,
Current 
Population
Survey (CPS)

Logarithm 
of annual 
earnings

RE (Carroll 
et al., 1992)

Age, gender, 
lifetime
educational 
attainment,
marital status, 
number
of children u. 6, in
school, birth 
cohort,
social security 
benefit
status, permanent 
and
transitory shocks

Modules are 
aligned
to demographic 
and
economic 
projections
from Congressional
Budget Office 
(CBO)

NO

Zaidi et al. 
(2009)

SAGE UK British Household 
Panel Survey 
(BHPS)

Logarithm 
of monthly 
earnings

RE models 
with first-
order
disturbance 
terms by
gender and
qualifications

Recent 
employment 
experience, age, 
age†,
education, 
occupation,
industry, 
partnership
status, 
employment
status of partner,
restriction of 
work by
health, public or 
private
sector, children 
living at
home, age of 
youngest
child; full- and part-
time status

It is possible to add 
alignment
parameters in 
future
versions of the
SAGE model.

No

*This table is not a complete list of all microsimulation models with income modules worldwide, but an attempt to shed light on the "black boxes" of relevant and 
ongoing microsimulation models. We have only included microsimulation models that can be cited and provide all information for the table shown
†The updated version of MIDAS-BE 2.0 includes regional information on Flanders, the Walloon area and Brussels-Capital region (Dekkers et al., 2023).

Table A2. Definition of Covariates

Individual Characteristics

occupational group blue-collar (reference), other worker, self-employed,

state worker, white collar,

age age in years

education ISCED levels 1 and 2 (middle school), ISCED level 3 (high school),

ISCED level 4 (reference), ISCED levels 5 and 6 (= university degree)

family type divorced, married, widow, single (reference)

part time 1 if individual works part-time, 0 otherwise (full-time)

migrant group born in Germany (reference), late resettlers,

Turkey, South-EU, EU before 2004 (without South-EU)

EU after 2004 (including Poland and Croatia),

Former yug. Countries (without Croatia), Africa,

Near and Middle East, South and South-East Asia,
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Individual Characteristics

Rest of the world (incl. Russia, America, Rest of Europe)

female 1 if individual is female, 0 otherwise

Household Characteristics

number of kids 0 (reference), 1, 2, 3 or more

Regional Characteristics

share of unemployed Unemployed persons per 1000 working-age population
(Unemployedtime/Employed(15− < 65 years)time * 1000)

population density Inhabitants per squared kilometer inhabitantstime/areatime 

continuous

5 regions of federal states North, East, South, West, City-States (reference)

Note: *employees are only employees subject to social insurance at the workplace.

Table A3. Initial income estimation results for men and women

Dependent variable:

Log Monthly Income

Male Female

Intercept 6.125*** (0.011) 5.853*** (0.013)

Other Worker 0.397*** (0.003) 0.276*** (0.004)

Self Employed 0.094*** (0.002) 0.096*** (0.004)

State-Worker 0.280*** (0.003) 0.554*** (0.005)

White Collar 0.098*** (0.001) 0.185*** (0.002)

Age 0.058*** (0.0005) 0.065*** (0.001)

Age Squared 0.001*** (0.00001) 0.001*** (0.00001)

ISCED Levels 1 and 2 0.326*** (0.003) 0.331*** (0.003)

ISCED Level 3 0.116*** (0.002) 0.154*** (0.002)

ISCED Level 5 0.142*** (0.003) 0.088*** (0.003)

Late resettlers 0.095*** (0.004) 0.073*** (0.004)

Turkey 0.069*** (0.005) 0.101*** (0.008)

South-EU 0.094*** (0.007) 0.084*** (0.010)

EU before 2004 0.054*** (0.009) 0.028** (0.011)

EU after 2004 0.147*** (0.005) 0.112*** (0.006)

Former Yugoslavia 0.113*** (0.008) 0.081*** (0.010)

Africa 0.220*** (0.012) 0.105***(0.020)

Middle East 0.123*** (0.008) 0.089***(0.010)

South-East-Asia 0.169*** (0.010) 0.157*** (0.011)

Rest of the World 0.127*** (0.007) 0.126*** (0.007)

Married 0.157*** (0.002) 0.160*** (0.003)

Divorced 0.013*** (0.003) 0.055*** (0.003)

Widow 0.119*** (0.009) 0.223*** (0.003)

Part-time 0.542*** (0.002) 0.457*** (0.002)

1 Child in Household 0.036*** (0.002) 0.037*** (0.002)
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Dependent variable:

Log Monthly Income

Male Female

2 Children in Household 0.104*** (0.002) 0.037*** (0.003)

3 or more Children 0.159*** (0.004) 0.032*** (0.005)

Unemployment Rate ‍ ‍0.002*** (0.0001) 0.002*** (0.0001)

Population Density 0.00003*** (0.00000) 0.0001*** (0.00000)

East ‍ ‍0.120*** (0.004) 0.008(0.005)

North 0.066*** (0.004) 0.019*** (0.005)

South 0.088*** (0.004) 0.006 (0.005)

West 0.089*** (0.004) 0.011** (0.004)

Number of Individuals 344,463 318,102

var(Ind) 0.157 0.193

var(Residuals) 0.076 0.105

Observations 635,492 573,659

Log Likelihood ‍ ‍340,397.200 389,648.800

Akaike Inf. Crit. 680,864.300 779,367.700

Bayesian Inf. Crit. 681,262.000 779,761.800

Notes: Standard errors given in parenthesis. ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001.

Table A4. Forecast income estimation results for men and women

Dependent variable:

Log Monthly Income

Male Female

Intercept 3.134*** (0.013) 2.929***(0.015)

Previous Log Income 0.571*** (0.001) 0.570***(0.001)

Other Worker 0.271*** (0.004) 0.198***(0.004)

Self Employed 0.054*** (0.002) 0.046***(0.004)

State-Worker 0.121*** (0.003) 0.256***(0.004)

White Collar 0.055*** (0.002) 0.109***(0.003)

Age 0.004*** (0.0004) 0.010***(0.001)

Age Squared 0.00003*** (0.00001) 0.0001***(0.00001)

ISCED Levels 1 and 2 0.147*** (0.003) 0.130***(0.003)

ISCED Level 3 0.048*** (0.003) 0.063***(0.003)

ISCED Level 5 0.097*** (0.003) 0.074***(0.003)

University Graduation 0.014*** (0.003) 0.029***(0.004)

Late resettlers 0.039*** (0.003) 0.031***(0.004)

Turkey 0.005 (0.005) 0.032***(0.007)

South-EU 0.015** (0.006) 0.024***(0.009)

EU before 2004 0.023*** (0.008) 0.006 (0.010)

EU after 2004 0.062*** (0.005) 0.035***(0.005)

Former Yugoslavia 0.045*** (0.007) 0.032***(0.009)
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Dependent variable:

Log Monthly Income

Male Female

Africa 0.065*** (0.011) 0.008 (0.020)

Middle East 0.032*** (0.008) 0.064***(0.011)

South-East-Asia 0.070*** (0.010) 0.069***(0.010)

Rest of the World 0.062*** (0.007) 0.050***(0.007)

Married 0.060*** (0.002) 0.058***(0.002)

Divorced 0.010*** (0.003) 0.032***(0.003)

Widow 0.048*** (0.008) 0.128***(0.005)

Part-time 0.286*** (0.002) 0.265***(0.002)

1 Child in Household 0.031*** (0.002) 0.028***(0.002)

2 Children in Household 0.062*** (0.002) 0.054***(0.003)

3 or more Children 0.097*** (0.004) 0.068***(0.005)

Unemployment Rate 0.001*** (0.00005) 0.0005***(0.0001)

Population Density 0.00001*** (0.00000) 0.00002***(0.00000)

East 0.060*** (0.004) 0.006 (0.004)

North 0.031*** (0.004) 0.015***(0.004)

South 0.042*** (0.004) 0.018***(0.004)

West 0.042*** (0.003) 0.017***(0.004)

Number of Individuals 194,132 174,839

var(Ind) 0.003 0.003

var(Residuals) 0.119 0.154

Observations 307,605 272,851

Log Likelihood 113,292.900 134,186.900

Akaike Inf. Crit. 226,659.800 268,447.800

Bayesian Inf. Crit. 227,053.400 268,836.900

Note: Standard errors given in parenthesis. ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001.

Table A5. Descriptive Statistics of Individual Net Income

20%-Q 40%-Q 60%-Q 80%-Q Mean SD

Female 700 1,000 1,400 1,900 1,400 1,400

Male 1,200 1,700 2,100 3,000 2,300 2,600

Migrants 800 1,200 1,600 2,200 1,600 1,300

Majority population 900 1,400 1,800 2,500 1,900 2,200

Note: Q means quantile. SD means standard deviation. Values are provided in Euro and refer to monthly 
net income (rounded to hundreds) based on generalized Pareto interpolation.
Source: Microcensus 2014.

Table A6. Descriptive Statistics of the Covariates

Covariates 2011 2040

Blue Collar 7,268,341 9,035,568

Other Worker 6,851,373 2,329,589

Self Employed 3,491,204 3,513,550
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Covariates 2011 2040

State-Worker 1,795,529 2,039,539

White Collar 20,442,203 26,469,607

ISCED Levels 1 and 2 32,941,690 29,983,438

ISCED Level 3 16,727,562 18,786,855

ISCED Level 4 (post-secondary) 14,408,798 16,856,388

ISCED Level 5 4,723,944 5,343,423

Single 32,186,460 35,449,969

Divorced 5,099,718 5,954,598

Married 30,730,796 27,663,157

Widow 1,949,041 2,352,947

Part-time 9,047,698 11,373,085

1 Child in Household 5,452,759 5,461,470

2 Children in Household 3,649,681 3,598,167

3 or more Children 1,770,310 2,780,059

City 5,703,399 6,207,812

East 13,082,995 13,012,529

North 10,290,519 10,628,254

South 22,997,750 24,295,421

West 28,781,700 29,496,169

Germans (working age) 46,644,839 45,461,984

Late resettlers 2,492,969 2,195,640

Turkey 897,308 1,444,008

South-EU 695,417 1,175,148

EU before 2004 407,257 623,370

EU after 2004 650,194 1,273,984

Former Yugoslavia 295,555 502,382

Africa 127,658 244,669

Middle East 173,182 331,790

South-East-Asia 180,834 365,227

Rest of the World 535,904 917,020

Note: The table includes only first-generation working-age migrants.

https://microsimulation.pub/subjects/dynamic-microsimulation
https://doi.org/10.34196/ijm.00304
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