
A Spatial Microsimulation Model of Labor Market Integration in Germany

Monika Obersneider Petra Stein ∗

Abstract

Microsimulation modeling has gained growing attention in the last years as a useful statistical
tool for individual-based population projections. However, only a handful of datasets allow for
microsimulation modeling concerning the small level spatial structure the individuals are embedded
in. Hence, the interplay of regional disparities with individual and contextual outcomes has received
insufficient attention in this field.

The aim of this contribution is to give an insight into the development of a nationwide, spatial
microsimulation infrastructure in Germany (‘MikroSim’)1, which results in a geo-coded synthetic
database. This conference proceeding presents its potential application through regionalized mod-
eling of labor market outcomes within migrant populations. The resulting model can be used for
population projections. Special features of this projection will be the integration of regional small
area estimates as well as the derivation of estimates from empirical results of longitudinal multi-
level analyses. Furthermore, the spatial microsimulation model allows for the simulation of differ-
ent ‘what if’ scenarios and future dynamics of the labor market integration of ethnic minorities on
several societal levels of interest.
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1. Introduction

Statistical simulation methods can be used as analytical instruments to project potential
societal developments and to analyze complex social dynamics. To some extent, using
simulation methods means making up the data of interest. The difference in simulation
methods lies in the rules that are followed for generating new data and in the base dataset
used for this updating process. In the case of prominent macrosimulations, the data-
modeling takes place on the contextual-level, whereas the used dataset consists of aggregate
data. Macrosimulation is mainly used by statistical offices to estimate population forecasts
(e.g., demographic change, effects of immigration for the population development, life-
expectancy and care needs, or the share of the working-age population in the future).

According to the major theories in social sciences, the unfolding of social mechanisms,
and their change in time takes place on the individual level (Coleman, 1986; Kalter &
Kroneberg, 2014). Hence, the striven level of explanation in the social sciences is the
micro-level (such as individuals or households). Thus, developments in populations and
social structures should be updated only on the base of individual data and on the base of
individual information. The method of microsimulation complies with these requirements.
In this way, we can use rich data for updating the outcome of interest, as we can rely not
only on cross-tabulations of aggregate data but also on individual transition probabilities
estimated from social science studies (van Imhoff & Post, 1998, p. 107ff.).
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One further advantage of microsimulations is the possibility to model the projections
according to well-established individual-level theories. In this research project, we build
our microsimulation on the theories of occupational performance. The specific goal is to
investigate the labor market integration of ethnic minorities and its potential supply-side
development in Germany. The aim is to investigate individual and spatial characteristics,
which both are hypothesized to affect the integration outcomes and their future dynamics.
Hence, there is a need for spatially geo-coded individual data for the whole population of
Germany to capture this interplay of different explanation levels. The development of such
a small-scale database will be the core of a regionalized microsimulation model of labor
market integration described in the subsequent pages.

Accordingly, the paper is structured as follows. The focus of this research contribution
is the development of a statistically measurable theoretical model for the labor market in-
tegration of migrants in Germany (section 2). Undoubtedly, the multidimensional research
topic of modeling and projecting the potential labor market integration of migrants is rele-
vant both for scientists as for politicians. Why, however, microsimulation is an appropriate
method to reveal such complex social dynamics, will be discussed in section 3. Before con-
cluding and discussing further planned research steps (section 5), we carry out a fictional
example of a regionalized labor market integration based on a small-scale data projection
and give insights into the ‘MikroSim’ project (section 4).

2. Modeling Labor Market Integration

When it comes to investigating the integration of minority groups, finding explanatory
mechanisms of vocational outcomes of migrants is one of the leading research trajecto-
ries (Esser, 1999). The search for promoting and inhibiting factors of labor market in-
tegration can help to predict and steer the integration of migrants. We are interested in
modeling and projecting the long-term development of the labor market integration of indi-
viduals. Thereby, we assume that individual outputs and their change are explained ideally
on the unit-level (Coleman, 1986). Although the level of explanation is the micro-level,
the individual labor market performance can also be affected by contextual and structural
conditions, i.e., there is a need to capture the potential influencing factors from a multilevel
perspective.

First, estimating the influencing factors on the individual level, the endowment with
relevant types of capital has shown to be a powerful predictor (Kalter, 2006). According
to this resource-oriented perspective, a significant part of ethnic differences can be traced
back to the diverging human capital endowment (Becker, 1962) of migrants compared to
the majority group. In line with robust empirical findings, we include individual school and
vocational qualifications as central resources for the labor market integration and add these
explanatory variables into the analysis. Furthermore, previous research ascribes additional
systematic outcome differences within migrants to differences in cultural capital and social
capital equipment according to their social origin, i.e., systematic differences in the socio-
economic status of the parents, social-networks or language skills. These forms of ‘host
country-specific capital’ (Kalter, 2006, p. 145) are also modeled to explain the differences
and potential future dynamics of labor market integration more precisely.

Second, in addition to individual characteristics, regional disparities should be taken
into account when estimating integration development. The current state of research illus-
trates the relevance of the spatial perspective on integration dynamics and their long-term
relevance for the integration outcomes of migrants. The proportion of migrants in Germany
varies regionally: In Western Germany, almost a quarter of the inhabitants has a migration
background, whereas in Eastern Germany (excluding Berlin) this is the case for approx. 5
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%. Furthermore, there are considerable differences in the proportion of migrants between
urban (2015: 26.9 %) and rural (2015: 12.1 %) regions (Federal Statistical Office, 2016).
Also, the composition of migrants or migrant groups varies regionally by country or coun-
try group of origin (e.g., Granato, 2009). From a theoretical perspective, it can be assumed
that the regional share of migrants and the composition of migrant-groups affect the oc-
cupational positioning of migrants themselves (so-called endogenous effect). Also, it can
be expected that the regional concentration of ethnic minorities correlates with the labor
market success of the majority group members (so-called exogenous effect; see overview
in Granato, 2009, p. 394).

Third, further contextual characteristics can affect the outcomes of migrants in the labor
market, e.g., local unemployment rate, dominant industry sector, or community size (Kogan
& Kalter, 2006). Thus, the labor market structure, as well as the labor market situation, can
play a role in the vocational outcomes of migrants and their regional dynamics. Similarly,
changes in the regional population composition (demographic processes, regional mobility,
migration flows, or change of migrant generations; Gresch & Kristen, 2011, p. 213) can
have an additional predictive power concerning the long-term integration development of
ethnic minorities. In sum, to model and to simulate the phenomena of interest with high
precision, multidimensional influencing mechanisms and compositional effects have to be
considered.

3. Microsimulation

In this section, we will explain the technical functioning of microsimulations. As men-
tioned above, the unique advantage of microsimulations in comparison to other simulation
methods is the possibility to use individual-level empirical parameters or transition prob-
abilities for the updating processes. These parameters can be estimated with the help of
nearly all conventional statistical methods: Linear or logistic regression, multilevel analy-
sis, longitudinal, or dynamic modeling. The usage of information from empirical studies
brings not only the advantageous possibility of updating the data on the individual level but
also the disadvantage of including possible additional errors. Thus, statistical modeling in
microsimulations goes along with specification randomness and misspecification error (see
more in van Imhoff & Post, 1998, p. 109ff.). Both need to be addressed correctly and kept
at a minimum. Nevertheless, the higher precision and richness of the output gained through
individual-level information outweigh these points of caution for the specific interest of the
present paper.

Furthermore, microsimulation serves as a tool for experimenting and not for exact pre-
dictions. Microsimulation can be seen as a ‘scientific computer game’ to test and compare
the consequences of so-called ‘what if’ scenarios (Spielauer, 2011, p. 11). The question
that can be answered is, e.g., how would the world look like under different conditions.
In 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.

3.1 Dynamic Microsimulation

According to the updating process of the base data within a microsimulation, there are two
possibilities to project the data into the future: The so-called static and dynamic aging ap-
proaches (Spielauer, 2011, p. 12). In both cases, we have the initial set of individuals in
our baseline population at time point t (left side of Figure 1). Hence, the baseline data con-
sists of individuals or households with specific characteristics, which will then be updated
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according to the rules of microsimulation modeling. In this example, we illustrate the two
different ways of microsimulation through manipulating the baseline data comprising men
and women of different ages.

t + 1

t + 1Static microsimulation t

Dynamic microsimulation t

Figure 1: Updating process in a static and in a dynamic microsimulation.

Most of the microsimulation models are static models. Static means that no popula-
tion aging processes are modeled, but outcomes of the individuals in the baseline data are
reweighted according to their characteristics. Hence, static microsimulation is a common
approach if the researcher is interested in examining short-term changes (Rephann & Holm,
2004, p. 383). According to this, the baseline dataset remains the same, while the change in
individual outcomes becomes visible (see the top-right side of Figure 1). Static microsim-
ulation is mainly used to investigate the so-called ‘day-after’ outcomes and scenarios, e.g.,
distributional effects of a tax reform regarding the net household income across different
family constellations.

Dynamic microsimulation modeling, on the other hand, means that the individual bi-
ographies are updated on the base of individual transition probabilities to capture the long-
term developments in populations. The unique feature of dynamic microsimulations is the
data-driven projection of individual life-histories: The characteristics of the individuals are
updated on bases of individual transition probabilities (see the bottom-right side of Figure
1). 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
(Spielauer, 2011, p. 12f.; Rephann & Holm, 2004, p. 383). As we are interested in la-
bor market integration that includes population dynamics, we use the approach of dynamic
microsimulation modeling.

3.2 Modular Updating of the Data

Following the definition of a dynamic microsimulation from the previous section, we sim-
ulate the individuals and their characteristics from the baseline data into the future. The
updating process is clustered into so-called modules, in which updates of the different char-
acteristics of a person are conducted. It is a sequential time-discrete model, meaning that
every person will go through the simulation modules annually. Hence, it is a simulation
model in which the modular updating of the individuals takes place chronically, whereby
the ordering of the modules is held constant (Stein & Bekalarczyk, 2016, p. 243f.; Rephann
& Holm 2004, p. 387). Figure 2 shows at what ages actors pass through the modules.
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Furthermore, one can see from this illustration, whether the modules include regional
predictors in addition to the individual characteristics (marked in blue). According to this
information, micro-units in the data set will be updated, which generates a new dataset for
each additional year in the microsimulation. The structuring of the modules rests on the
assumptions and the modeling of labor market outcomes (see section 2).

Spatial mobility

Death

Divorce & separation

Marriage & cohabitation

Leaving home

Labor market integration

Education

Fertility

0 10 20 30 40 50 60 70 80 90 100
Age

regional information

Figure 2: Modular annual updating on the individual-level.

Relevant influencing variables and updating parameters can be modeled on individual
and regional levels through multiple regression analysis. We estimate different regression
equations for each module, whereas individuals will be updated based on their transition
probabilities derived from the regression results. The implementation of the regression
results is randomized through Monte Carlo Simulation, whereby the regression-based in-
dividual probability is contrasted with a random risk. Specifically, a random number is
drawn from a uniform distribution [0, 1] and compared with the estimated probability. If
the latter is higher than the random risk, the event takes place and is updated accordingly
in the simulation (Rephann & Holm 2004, p. 384).

Labor market integration module, e.g., consists of three different regression equations:
Individual monthly income, probability of unemployment, and labor market positioning of
migrants. Variables used for estimating these outcomes are, e.g., age, gender, educational
level, migration status, number of children, marital status, language skills, length of stay
in Germany, local unemployment rate, and regional ethnic concentration. Furthermore,
the predictors in different modules can overlap. Thus, a change in one module indicates
a change in all other modules, where the same variable is included. This interdependence
within the projected individual biographies characterizes the population dynamics, which
we can capture through using microsimulations.

4. Developing a Spatial Microsimulation Model

4.1 Construction of the base dataset

Previous sections showed that there is a need for geographical information for projecting
labor market outcomes of migrants to analyze possible individual-, regional- or aggregate-
level developments in Germany. Apart from this particular research topic, various soci-
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etal questions show the need for spatial microsimulation projections. One example is the
development of elderly care in different regional identities for better political planning, a
research topic, also included in the ‘MikroSim’ project. These examples underline that sim-
ulation datasets should include individual, household data, regionalized, and geographical
information for the appropriate modeling of the small level spatial structure the individuals
are embedded in. So far, spatial base data for conducting microsimulations is missing in
Germany. Only a few countries have already conducted spatial microsimulation models.
These examples have shown that spatial microsimulation is a useful and promising anal-
ysis tool (SVERIGE in Sweden, MOSES in the United Kingdom, SMILE in Ireland, or
CORSIM in the United States; see overview in Tanton, 2014, p. 16ff.). Thus, the goal of
the ‘MikroSim’ project is to generate a population database with regionalized geo-coded
information for Germany.

This ‘MikroSim’ base dataset is a synthetic dataset, constructed through various data
sources. The dataset consists of the whole population of Germany including their geo-
graphical location. The basis for the synthetic data is an anonymized register data with
only a few core variables (developed and used for conducting German National Census
2011; Münnich et al., 2012), whereby this register-data is expanded by survey data using
(multinomial) logit models (Alfons et al., 2011). The synthetic data is aligned to known
totals by applying a combinatorial optimization method of simulated annealing. In this
way, integer weights can be gained, and marginal distributions of the small-area identities
met (Tanton et al., 2014; Lovelace & Dumont, 2016). All the data is geo-coded in census
grid cells (100 meters times 100 meters). Through the application of these data construc-
tion methods, we can use the generated synthetic dataset to analyze data from different
hierarchical levels of interest: From the German federal states (16) to districts (402) to mu-
nicipalities (approx. 11.000) to households (approx. 41 Million) to individuals (approx. 80
Million). This constructed synthetic data will be the base for conducting different dynamic
discrete-time population projections in Germany.

4.2 A Spatial Microsimulation of Labor Market Integration: A Fictive Scenario

The research focus in this contribution lies in modeling vocational integration of migrants
in Germany and its potential supply-side development from a regionalized perspective. As
Rephann & Holm (2004) point out, the spatial dimension in microsimulations: ‘[. . . ] is a
useful addition when (1) it improves the accuracy of microsimulation models by introduc-
ing spatial and geographical variables as driving forces of change and (2) it allows results to
be presented and interpreted for space and regions.’ (Rephann & Holm, 2004, p. 389f.). As
those aspects are of particular importance in the case of projecting the labor market integra-
tion of migrants, we will use the constructed spatial base data and dynamic microsimulation
modeling in our further analysis.

The simulating process in a spatial microsimulation has comparable operating prin-
ciples as the time-discrete dynamic microsimulation - the base dataset will be updated
annually resulting in new simulated data for the variable of interest (Leim, 2008, p. 31).
The simulation takes place in the modules, where the characteristics of the individuals are
updated stochastically based on empirical transition probabilities (see section 3.2). As we
use the discrete-time microsimulation approach, the simulation output can be assessed and
interpreted for any year of interest (see the central part of Figure 3).

Although the operating principles are comparable with other microsimulations, the up-
dating process has a spatial component. The transition probabilities are estimated for each
small area, which requires a high amount of regression equations. This regionalized es-
timation gives us the possibility to analyze the simulation outputs from a geographical
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perspective. Not only the comparison between space and spatial dynamics through time
can be analyzed, but also the spatial outcome can be disaggregated and compared using
cross-tabulations concerning several covariates of interest (Tanton, 2014, p. 5ff.). Figure 3
contrasts the spatial outcome between the years 2011 (base dataset) and 2040. In this fic-
tional example, we have simulated the regionalized unemployment rates of migrants. The
individual-level outcomes are aggregated on the district level, yet outputs on geographically
smaller areas are feasible. Thus, through using spatial microsimulation modeling, we can
compare the outcomes in migrant unemployment between the regions in the same year. Be-
sides, a comparison of one geographical area in time is possible, and we can disaggregate
the unemployment rate in a region, e.g., by age, gender, or education of the individuals.
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Figure 3: Fictive projection of labor market integration on the district level (2011 vs.
2040).

In addition to regional differences, we can take demographic changes in the compo-
sition 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 devel-
opment of the labor market integration of ethnic minorities. Further analyses can be carried
out based on any simulated year in the database, allowing for the prognosis of small-scale
dynamics. The resulting model can then be used for population projections. Special fea-
tures of this projection will be the integration of regional small area estimates as well as
the derivation of estimates from empirical results of longitudinal multilevel analyses. In
particular, the spatial microsimulation model enables us to simulate and contrast different
‘what if’ scenarios on several societal levels. In this way, we can compare the possible out-
comes by potential changes in individual characteristics in time, regional disparities, or by
political interventions. This interplay of the different levels of modeling helps us to capture
and to assess future dynamics of the labor market integration of migrants.

5. Conclusion

According to the theories of labor market integration, there exists a complex set of relevant
variables influencing the individual outcomes on the labor market. It is possible to explain
and model systematic differences of first-generation migrants on the labor market compared
to the majority population through variables derived from social science theories and to
differentiate between the different countries of origin. Other than that, we can model the
possible contextual influence factors, assuming that not only the individual characteristics
matter but also the regional differences as diverging unemployment rates or the distribution
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of ethnic groups in a specific area. Additionally, we expect to capture the different labor
market structures in specific areas. To be able to model the interplay of these theoretical
levels of interest, a regionalized individual dataset is needed.

Only a handful of datasets in the world allow for microsimulation modeling with re-
gard to the small level spatial structure, where the individuals are embedded in. Spatial
microsimulation models are data-intensive and complex as both unit-level data and tran-
sition probabilities in small geographical identities are needed to update the data (Tanton,
2014, p. 18). So far, such spatial base data for conducting microsimulations is missing
in Germany. Therefore, the goal of the ‘MikroSim’ project is the generation of a popu-
lation database with regionalized geo-coded information for Germany. This constructed
synthetic small-scale database can then be used to perform microsimulations with a spatial
component.

Further steps concerning the research topic of this contribution will be the implementa-
tion of the theoretical assumptions on the base of the complete synthetic simulation dataset
for Germany and the validation of this model. Whereas, it is not the intention to give an
exact prognosis, e.g., about the proportion of migrants in the labor market in 2040, but
rather to investigate individual and spatial characteristics, which both are hypothesized to
affect the integration outcomes and their potential future dynamics. Furthermore, through
the modeling of change processes regionally, the hypothetical ‘what if’ scenarios can be
contrasted at any spatial level. Hence, the presented concept aims at making individual and
spatial dynamics in vocational integration more tangible through microsimulation model-
ing.
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