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Abstract

There is a wide range of methodologies for policy evaluation and socio-economic im-
pact assessment. A fundamental distinction can be made between micro and macro
approaches. In contrast to micro models, which focus on the micro-unit, macro mod-
els are used to analyze aggregate variables. The ability of microsimulation models to
capture interactions occurring at the micro-level makes them particularly suitable
for modeling complex real-world phenomena. The inclusion of a behavioral compo-
nent into microsimulation models provides a framework for assessing the behavioral
effects of policy changes.

The labor market is a primary area of interest for both economists and policy mak-
ers. The projection of labor-related variables is particularly important for assessing
economic and social development needs, as it provides insight into the potential tra-
jectory of these variables and can be used to design effective policy responses. As a
result, the analysis of labor market behavior is a primary area of application for be-
havioral microsimulation models. Behavioral microsimulation models allow for the
study of second-round effects, including changes in hours worked and participation
rates resulting from policy reforms. It is important to note, however, that most
microsimulation models do not consider the demand side of the labor market.

The combination of micro and macro models offers a possible solution as it con-
stitutes a promising way to integrate the strengths of both models. Of particular
relevance is the combination of microsimulation models with general equilibrium
models, especially computable general equilibrium (CGE) models. CGE models
are classified as structural macroeconomic models, which are defined by their ba-
sis in economic theory. Another important category of macroeconomic models are
time series models. This thesis examines the potential for linking micro and macro
models. The different types of microsimulation models are presented, with special
emphasis on discrete-time dynamic microsimulation models. The concept of behav-
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ABSTRACT v

ioral microsimulation is introduced to demonstrate the integration of a behavioral
element into microsimulation models. For this reason, the concept of utility is in-
troduced and the random utility approach is described in detail. In addition, a brief
overview of macro models is given with a focus on general equilibrium models and
time series models. Various approaches for linking micro and macro models, which
can either be categorized as sequential approaches or integrated approaches, are
presented. Furthermore, the concept of link variables is introduced, which play a
central role in combining both models. The focus is on the most complex sequential
approach, i. e, the bi-directional linking of behavioral microsimulation models with
general equilibrium macro models.



German Abstract

Es gibt eine Vielzahl von Methoden zur Politikbewertung sowie zur Abschätzung der
sozioökonomischen Folgen. Dabei kann zwischen Mikro- und Makroansätzen unter-
schieden werden. Im Gegensatz zu Mikromodellen, die sich auf die kleinste Einheit
konzentrieren, werden Makromodelle zur Analyse aggregierter Variablen verwendet.
Mikrosimulationsmodelle sind aufgrund ihrer Fähigkeit zur Erfassung von Wechsel-
wirkungen auf der Mikroebene besonders geeignet für die Modellierung komplexer
Phänomene, wie sie in der realen Welt vorkommen. Durch die Einbeziehung einer
Verhaltenskomponente wird ein Rahmen für die Bewertung der Auswirkungen von
politischen Maßnahmen auf das Verhalten geschaffen.

Die Projektion von arbeitsmarktbezogenen Variablen ist von besonderer Bedeutung
für die Bewertung wirtschaftlicher und sozialer Entwicklungserfordernisse, da sie
Einblicke in die potenzielle Entwicklung dieser Variablen bietet und die Gestal-
tung wirksamer politischer Maßnahmen ermöglicht. Dementsprechend stellt die
Analyse des Arbeitsmarktverhaltens einen Hauptanwendungsbereich für verhaltens-
basierte Mikrosimulationsmodelle dar. Verhaltensbasierte Mikrosimulationsmodelle
ermöglichen es, die Folgewirkungen, einschließlich der Veränderungen in der Anzahl
der geleisteten Arbeitsstunden und der Erwerbsbeteiligung, die aus politischen Re-
formen resultieren, zu untersuchen. Es ist jedoch zu beachten, dass die meisten
Mikrosimulationsmodelle die Nachfrageseite des Arbeitsmarktes nicht berücksichti-
gen.

Die Kombination von Mikro- und Makromodellen bietet eine mögliche Lösung und
kann die Stärken beider Modelle verbinden. Von besonderer Bedeutung ist die
Möglichkeit, Mikrosimulationsmodelle mit allgemeinen Gleichgewichtsmodellen, ins-
besondere berechenbaren allgemeinen Gleichgewichtsmodellen (CGE-Modellen), zu
verknüpfen. CGE-Modelle werden als strukturelle makroökonomische Modelle klass-
ifiziert, die sich durch ihre wirtschaftstheoretische Fundierung auszeichnen. Eine
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GERMAN ABSTRACT vii

weitere wichtige Kategorie makroökonomischer Modelle, die mit Mikrosimulations-
modellen verknüpft werden, sind Zeitreihenmodelle. Diese Arbeit beschäftigt sich
schwerpunktmäßig mit den Möglichkeiten der Verbindung von Mikro- und Makro-
modellen. Die verschiedenen Arten von Mikrosimulationsmodellen werden vorgestellt,
wobei der Fokus auf zeitdiskreten dynamischen Mikrosimulationsmodellen liegt.
Das Konzept der verhaltensbasierten Mikrosimulation wird vorgstellt und gezeigt
wie Verhaltenselemente in Mikrosimulationsmodelle integriert werden können. Das
Nutzenkonzept wird eingeführt und der Ansatz der Random Utility Modelle de-
tailliert beschrieben. Es werden verschiedene Ansätze zur Verknüpfung von Mikro-
und Makromodellen betrachtet. Das Konzept der Verbindungsvariablen spielt dabei
eine zentrale Rolle. Der Schwerpunkt dieser Arbeit liegt auf der bi-direktionalen
Verbindung von verhaltensbasierten Mikrosimulationsmodellen mit allgemeinen Gle-
ichgewichtsmodellen, welcher als komplexester sequentieller Ansatz angesehen wer-
den kann.
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Chapter 1

Introduction

There are a wide variety of techniques for policy evaluation and socio-economic
impact assessment. A key distinction is made between micro and macro approaches.
Micro models focus on the micro-unit, while macro models are employed to analyze
aggregate variables. In this thesis, micro models refer to microsimulation models
and macro models to macroeconomic models, including general equilibrium models
and time-series models.

Microsimulation models capture interactions at the micro-level, thus enabling the
modeling of complex real-world phenomena. They serve as a powerful tool for
analyzing policy reforms, demographic trends, and changes in economic and social
conditions. The importance of microsimulations in Germany is further evidenced by
the amendment of Section 3(1) Nr. 6 Federal Statistics Act (BstatG) in 2016, which
states that the Federal Statistical Office is tasked with the development and use of
microsimulation models.

The labor market belongs to the euro indicators, and as such, is of central interest
to economists and policymakers. The euro indicators provide economic information
on the European Union (EU), the euro area, and the individual The labor market
belongs to the euro indicators and thus is of central interest to economists and
policymakers. Member States and are essential for the co-ordination of economic
policies (Eurostat, 2024). Therefore, the projection of labor-related variables is of
particular importance for the assessment of economic and social development needs.
Economic and social policies include measures to promote the entry of young people
into the labor market, to improve skills, and to introduce adequate minimum wages.

1



INTRODUCTION 2

Non-behavioral microsimulation models are used to analyze the first-round effects
of policy measures and, therefore, assume that the micro-units do not change their
labor supply behavior in response to a policy change. For this reason, the analysis
of labor market behavior is one of the main areas of application for behavioral mi-
crosimulation models. Behavioral microsimulation models allow to analyze second-
round effects, such as changes in supplied hours worked and labor force participation
due to policy reforms (Narazani et al., 2023). It should be noted, however, that most
microsimulation models do not consider the demand side of the labor market. Con-
sequently, the analysis of labor-supply behavior using microsimulation models is
subject to certain limitations.

A potential solution to this short-coming is the combination of micro and macro
models. In particular, microsimulation models are linked to computable general
equilibrium (CGE) models and dynamic stochastic general equilibrium (DSGE)
models in order to take both the supply and the demand side into account. These
models are structural macroeconomic models that are based on economic theory
(DeJong and Dave, 2011). Another important branch of macroeconomic models
are time-series models. Time-series analysis is a statistical method used to identify
and model patterns in the development of time-series data. By extrapolating the
regularities identified during the observation period into the future, it is possible to
forecast the time series (Neusser, 2011, p. 3). Macro models are based on a high-level
aggregation and are therefore limited in their ability to map and analyze complex
processes at micro-level. For this reason, a combination of micro and macro models
could provide a promising approach to combine the strengths of both models.

In this thesis, we examine the potential of linking micros and macro models for
labor market analysis in the context of dynamic microsimulation models. Chapter
2 introduces the basic principles of microsimulation. Initially, a technical defini-
tion of microsimulation is provided, followed by an explanation of its components.
The different types of microsimulation models are then introduced, with a focus on
discrete-time dynamic microsimulation models. For this type of model, different
methods for estimating transition probabilities are presented, along with alignment
methods. Moreover, internal and external validation methods are presented.

Chapter 3 introduces behavioral microsimulations and illustrates how a behavioral
component can be incorporated into microsimulation models. The concept of utility
is introduced and the random utility approach is described. Additionally, an analysis
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of welfare implications of policy reforms is presented. An excursus differentiates
behavioral microsimulations from agent-based simulations.

Chapter 4 is the focal point of this thesis, building upon the preceding chapters.
In this chapter, both sequential approaches and the integrated approach for linking
micro and macro models are presented. The concept of link variables is introduced,
as it plays a central role for combining both models using sequential approaches.
The focus is on linking behavioral microsimulation models with general equilibrium
models, which can be considered as the most complex sequential approach.

Chapter 5 proposes an alternative approach to linking micro and macro models,
namely linking micro and time-series models. Specifically, forecasts are derived
from autoregressive integrated moving average (ARIMA) models and then linked to
a microsimulation model. This approach requires fewer assumptions than combining
behavioral microsimulation models with general equilibrium models and is therefore
easier to implement.

Finally, Chapter 6 presents a synthesis of the research findings and provides insights
into potential avenues for further research.



Chapter 2

Foundations of Dynamic
Microsimulation Models

The following chapter introduces the basics of microsimulation models. The focus is
on dynamic discrete-time microsimulations, other types of microsimulation models
are only covered briefly. The chapter is structured as follows: In Section 2.1, we
provide a definition of microsimulation models and give a brief overview of different
types of microsimulations. In Section 2.2, we introduce modeling techniques for es-
timating state and transition probabilities and explain the modeling as well as the
simulation process in more detail. Furthermore, we present different alignment ap-
proaches. Most microsimulation models use some kind of alignment to ensure that
the simulated results meet known aggregates. Subsequently, in Section 2.3, we intro-
duce validation methods and distinguish between internal and external validation.
In Section 2.4, we present an application based on the multi-sectoral regional mi-
crosimulation (MikroSim) model, in particular the employment module. We model
employment transitions using different statistical modeling techniques and evaluate
the results on the basis of quality criteria. Finally, in Section 2.5, we summarize
and give an outlook to further research.

4



2.1. METHODOLOGICAL DIFFERENTIATION 5

2.1 Methodological Differentiation

Microsimulation models are simulations of systems at the micro-unit level. They
can be used to analyze complex real-world phenomena by simulating the effects of
(policy) scenarios on the micro-unit (Harding et al., 2010). Thus, microsimulations
offer the possibility to answer “what-if” questions (Li et al., 2014a, p. 305). Micro-
units are, for example, individuals, households, or firms. In the field of economic
and social research, the focus is on analyzing the impact of policy reforms at the
level of individuals and households.

An important distinction in the field of microsimulation is the distinction between
static and dynamic microsimulation models. Static microsimulation models are used
to analyze the immediate impact of scenarios on selected target values. The EU-
ROMOD model is one of the most popular static microsimulation models. It is an
open source tax-benefit model that mainly builds on the EU Statistics on Income
and Living Conditions (EU-SILC) (European Union, 2022). In static microsimula-
tion models, the time component is considered indirectly through static aging, i. e.,
up-rating and re-weighting. Up-rating is the calibration of, typically monetary, vari-
ables to exogenously projected developments by inflation or deflation. Re-weighting
is the adjustment of individual weights to meet known or assumed developments.
Consequently, in static microsimulation models, an aging population is simulated
by increasing the weights of older individuals while, at the same time, keeping the
weights of younger individuals constant (Merz, 1991; Li et al., 2014b; Dekkers, 2015;
Burgard et al., 2020a). Thus, individuals do not change their characteristics during
the simulation process.

Dynamic microsimulation models extend static microsimulation models by including
a time component. Individuals change their characteristics and progress over the
simulation horizon. Therefore, dynamic microsimulation models can be used to ana-
lyze life histories of micro-units. Characteristic features of dynamic microsimulation
models are stochastic transitions and direct changes of the attributes at micro-level.
The probability of the occurrence of a particular even depends on the simulated time
and the endogenous characteristics of the micro-unit (Merz, 1991; Bourguignon and
Spadaro, 2006; Li et al., 2014a; Burgard et al., 2020a; Münnich et al., 2021). Exam-
ples of dynamic microsimulation models include DYNACAN (Rick Morrison, 1998),
DynaSim (Sherfey et al., 2018) and MikroSim (Münnich et al., 2021).
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Dynamic microsimulation models are either discrete-time or continuous-time models.
In continuous-time microsimulation models, transitions are determined based on
waiting times, i. e., the length of time that a micro-unit remains in its current state.
Transitions are usually obtained using survival analysis. Once an event has occurred,
the micro-unit runs through all survival functions that are feasible given its current
state (Li, 2011, p. 33; Li and O’Donoghue, 2013; Burgard et al., 2020a; Münnich
et al., 2021). Figure 2.1 illustrates a synthetic part of micro-unit’s life-course in a
continuous-time microsimulation model. At the beginning of the simulation, s0, the
individual is childless and single. The waiting time of the event of a marriage is
shorter than the waiting time of the event of giving birth. Thus, the individual gets
married at s1 and the waiting time for having a child is redetermined depending on
the event of a marriage. Furthermore, being married qualifies the individual for the
event of a divorce. In this example, the birth of the child occurs before the divorce as
the waiting time for becoming a child is shorter than the waiting time for a divorce.
At time s2 the person is married and has a child. Subsequently, the waiting times
for the events of giving birth to a second child and divorce are redetermined. If the
waiting time exceeds the simulation horizon S, the person remains in the respective
state.

Figure 2.1: Continuous-time microsimulation

s0 s1 s2

Marriage

Divorce

Child

S

Source: Own illustration based on Zinn (2014).

In discrete-time microsimulation models, events take place at pre-defined time inter-
vals. The simulation horizon S with S being a finite set of periods, S := {1, . . . , S}.
In each time period s, micro-units pass through several transition matrices to simu-
late state transitions. Transitions can occur from period to period. The exact time
within the interval is disregarded (Li, 2011; Li and O’Donoghue, 2013; Burgard et
al., 2020a). In the following, we focus on discrete-time dynamic microsimulations.
Figure 2.2 shows an example of a discrete-time microsimulation model with annual
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transitions from 2011 to 2012. The individual with household identification number
(HID) 2 and personal identification number (PID) 3 changes its employment status
(Empl. status) from 2011 to 2012 unemployed to employed. Moreover, the person
becomes one year older.

Figure 2.2: Discrete-time microsimulation

PID HID Age Sex Empl.
status

Marital
status

1 1 23 male employed single
2 2 36 male employed married
3 2 30 female employed married
4 2 5 female not active single
5 3 50 female employed divorced
6 3 19 male unemployed single
7 4 16 male not active single

PID HID Age Sex Empl.
status

Marital
status

1 1 22 male employed single
2 2 35 male employed married
3 2 29 female unemployed married
4 2 4 female not active single
5 3
6 3
7 4

2011

2012

Source: Own illustration based on Harding et al. (2010) and Burgard et al. (2020b, p. 287).

The choice between continuous-time and discrete-time microsimulation models de-
pends on whether the exact timing of the event is relevant to the research question,
and, from a methodological perspective, on the assumptions for estimating tran-
sition probabilities. Discrete-time microsimulations, compared to continuous-time
microsimulations, require fewer assumptions regarding the modeling of transition
probabilities. However, they are also less flexible in addressing complex interdepen-
dent event sequences (Burgard et al., 2020a).

In closed dynamic microsimulation models, the population development is deter-
mined by internal events. With the exception of migration across national borders,
the individuals can be tracked over time. According to Li and O’Donoghue (2013,
p. 22), “[a] model is often considered to be closed if, except in the case of new born
and migrants, the model only uses a fixed set of individuals to create and maintain
social links”. In open dynamic microsimulation models also internal migrants, i. e.,
individuals who move across regional borders within a country, cannot be tracked
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over time. A household moving from one region to another is first removed from the
population of the former region. Then, a household from an external population is
added to the later region. Therefore, open microsimulation models are less compu-
tational demanding (Li, 2011, pp. 34, 35; Li and O’Donoghue, 2013; Burgard et al.,
2020a). See Schmaus (2023, ch. 4) for the construction process of a closed migration
module for dynamic microsimulation models.

Cohort and population models differ with regard to the population of interest. Co-
hort models consider only a part of the population, e. g., a birth cohort over its
lifetime. The base population constitutes of a subset of the population that is rele-
vant for answering the research question. Thus, cohort models significantly reduce
model complexity and computing time. Population models consider the entire pop-
ulation regardless of the research objective (Li, 2011, p. 26; Li and O’Donoghue,
2013).

A further distinction can be made between behavioral and non-behavioral models.
Non-behavioral models are also known as arithmetical models (Bourguignon and
Spadaro, 2006). Behavioral models are grounded in economic theory, while non-
behavioral models are based on empirical models. Traditionally, microsimulation
models abstract from behavioral adjustments (Bourguignon and Spadaro, 2006; Li
and O’Donoghue, 2013; Sutherland and Figari, 2013). However, some models, such
as IZAΨMOD (Peichl et al., 2010), also simulate behavioral responses to policy
changes. Behavioral components are frequently incorporated for the analysis of labor
supply behavior (Aaberge et al., 2000; Lay, 2010; Barrios et al., 2016; O’Donoghue,
2021, p. 16). In Chapter 3, we cover behavioral microsimulation models in more
detail.

2.2 Estimation and Simulation of Transitions

In microsimulation models, three types of data are considered:

1. The real population U

2. The synthetic replica of the real population Ũ

3. A survey sample D.

The notation is based on Burgard et al. (2021). The real population U consists
of |U| = N individuals and constitutes the population of interest. It is spatially



2.2. ESTIMATION AND SIMULATION OF TRANSITIONS 9

segmented in R areas with r = 1, ..., R. The number of individuals per area r is
defined as |Ur| = Nr with

∑R
r=1 Nr = N .

The synthetic population of U is denoted Ũ and contains Ũ = Ñ individuals indexed
by u = 1, ..., Ñ . The number of individuals per area r = 1, ..., R is defined as
|Ũr| = Ñr with ∑R

r=1 Ñr = Ñ . The synthetic base population is updated over the
simulation horizon S = {1, ..., S}. The simulation periods are denoted by s ∈ S
(Burgard et al., 2021).

Dynamic discrete-time microsimulation models aim at projecting the base popula-
tion Ũ into the future based on transition probabilities. Transition probabilities are
mainly estimated using survey data D ⊂ U . The sample includes n unique individu-
als for T time periods, where i = 1, ..., n and t = 1, ..., T . If no suitable survey data
are available, alternative data sources can be used to obtain transition probabilities.
For example, life tables can be used to determine individual mortality probabilities
(Münnich et al., 2021).

In discrete-time dynamic microsimulation models, state transitions are either stochas-
tic or deterministic. Stochastic transitions have a random component, while deter-
ministic transitions are determined based on unique, pre-defined rules and depend
solely on the initial state or external factors. An example for deterministic tran-
sitions is the aging of the population over the simulation horizon S. Since most
transitions in discrete-time microsimulation models are stochastic in nature, the
focus is on stochastic transition probabilities in the following.

2.2.1 Transition Probabilities

Define X as random variable that represent individual’s characteristics, which are
statistically related to a random variable Y with a finite number of J outcomes. The
elements Yj are unordered, mutually exclusive and indexed by j = 1, ..., J . Given
x(s)
ur is the realized value of X for some u ∈ Ũr in s ∈ S and y(s)

ur the realized value
of Y for some u ∈ Ũr in s ∈ S, the conditional transition probability from state Yj
to state Yk in simulation period s+ 1 is given as (Burgard et al., 2021):

π(s+1)jk
ur

(
y(s)
ur , x

(s+1)
ur , s

)
:= P

(
y(s+1)
ur = Yk|y(s)

ur = Yj,X = x(s+1)
ur ,S = s

)
(2.1)

with 0 ≤ π(s+1)jk
ur

(
y(s)
ur ,x(s+1)

ur , s
)
≤ 1.
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For most variables, “the values for one year depend on, or are related to, the values in
the previous year or years” (McLay et al., 2015, p. 87). For notational convenience,
we assume that for the transition from Yj to Yk it is sufficient to take into account
the last period only. Moreover, we assume that the transitions are time-invariant. In
discrete-time dynamic microsimulation models, transition probabilities are generally
modeled as first-order Markov processes, where the state in period s + 1 depends
solely on the previous state s (Richiardi and Poggi, 2014, p. 37; Burgard et al.,
2020b, p. 291) or by including the lagged dependent variable as explanatory variable
in the regression model (Richiardi and Poggi, 2014). Thus (Burgard et al., 2021),

π(s+1)jk
ur

(
y(s)
ur , x

(s+1)
ur , s

)
:= P

(
y(s+1)
ur = Yk|y(s)

ur = Yj,X = x(s+1)
ur

)
. (2.2)

The transition probabilities can be summarized in a J × J transition matrix

Pur =


π(s+1)11
ur

(
y(s)
ur , x

(s+1)
ur

)
π(s+1)12
ur

(
y(s)
ur , x

(s+1)
ur

)
. . . π(s+1)1J

ur

(
y(s)
ur , x

(s+1)
ur

)
... ... . . . ...

π(s+1)J1
ur

(
y(s)
ur , x

(s+1)
ur

)
π(s+1)J2
ur

(
y(s)
ur , x

(s+1)
ur

)
. . . π(s+1)JJ

ur

(
y(s)
ur , x

(s+1)
ur

)


(2.3)

with ∑J
k=1 π

(s+1)jk
ur

(
y(s)
ur , x

(s+1)
ur

)
= 1 (Burgard et al., 2021). Since the current status

is known, J − 1 rows of the transition matrix Pur (2.3) are redundant. Thus, the
transition probabilities for all individuals u ∈ Ũr can be summarized in a Ñr × J
transition matrix

Pr =


π

(s+1)1
1r

(
y

(s)
1r , x

(s+1)
1r

)
π

(s+1)2
1r

(
y

(s)
1r , x

(s+1)
1r

)
. . . π

(s+1)J
1r

(
y

(s)
1r , x

(s+1)
1r

)
... ... . . . ...

π
(s+1)1
Ñrr

(
y

(s)
Ñrr

, x
(s+1)
Ñrr

)
π

(s+1)2
Ñrr

(
y

(s)
Ñrr

, x
(s+1)
Ñrr

)
. . . π

(s+1)J
Ñrr

(
y

(s)
Ñrr

, x
(s+1)
Ñrr

)
 ,
(2.4)

where the column sums ∑R
r=1

∑Ñr
u=1 π

(s+1)k
ur

(
y(s)
ur , x

(s+1)
ur

)
equal the expected number

of individuals in state k in simulation period s + 1. The transitions probabilities
π(s+1)jk
ur are estimated based on the sample elements i ∈ D.

In the course of dynamic microsimulation models, it might be necessary to extend
the base population. In particular when new thematic areas are to be integrated
into a microsimulation model, variables often have to be added to the base popula-
tion. This can be done either once at the beginning of the simulation process or in
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each simulation run. The principles for estimating transition probabilities described
above can be also applied to the estimation of state probabilities. The fundamental
difference is that instead of estimating the probability of a transition from state Yj
in simulation period s to state Yk in simulation period s+ 1, the probability of state
Yj in period s is estimated. The conditional probability for state Yj for u ∈ Ũr in
simulation period s is given as:

π(s)j
ur

(
x(s)
ur

)
:= P

(
y(s)
ur = Yj|X = x(s)

ur

)
(2.5)

with 0 ≤ π(s)j
ur (x(s)

ur ) ≤ 1.

2.2.2 Estimation Stage

There are various approaches for estimating transition probabilities. The choice
of the modeling strategy is crucial for the quality of the prediction. In the fol-
lowing, we present several modeling strategies for estimating state and transition
probabilities. The description of the regression models is based on the micro-units
i included in the survey sample D. The regions are not indexed in the follow-
ing, as the survey data generally does not have the geographical differentiation of
base populations (for small-scale models). For notational convenience, the modeling
strategies for estimating probabilities of occurrence based on cross-sectional data
are described. The elements of the ith row of the n × p matrix X are specified as
x

(t)
i =

(
1, x(t)

i1 , x
(t)
i2 , · · · , x

(t)
ip

)
. In most contexts, the first column of X contains 1 only,

so that β1 is a constant (Greene, 2012, p. 55).

Generalized linear models

Generalized linear models are a general class of models that includes linear models,
logit models and probit models, among others (Fahrmeir et al., 2009, p. 56). Linear
regression models provide the basis for more elaborate specifications for estimating
transition probabilities. It is assumed that for each individual i in the survey sample
D, the observations

(
y

(t)
i , x

(t)
i1 , x

(t)
i2 , · · · , x

(t)
ip

)
are generated by the following process

(Greene, 2012, p. 53):

y
(t)
i = x

(t)
i1 β1 + x

(t)
i2 β2 + · · ·+ x

(t)
ip βp + ε

(t)
i , i = 1, · · ·n (2.6)

with y(t)
i being the dependent variable, x(t)

i the independent variables, and ε(t)
i iden-

tically and independently distributed error terms. The expected value E
(
y

(t)
i

)
is
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given as (Fahrmeir et al., 2009, p. 55):

E
(
y

(t)
i

)
= x

(t)
i1 β1 + x

(t)
i2 β2 + · · ·+ x

(t)
ip βp = η

(t)
i (2.7)

with η
(t)
i denoting the linear predictor. The parameters are estimated using the

method of least squares, see von Auer (2007, pp. 49ff), Greene (2012, pp. 66ff), and
Wooldridge (2020, pp. 20ff). Linear regression models are particularly suitable for
estimating a continuous dependent variable that is approximately normally dis-
tributed (Fahrmeir et al., 2009, p. 30). However, in microsimulation models, most
variables are binary or categorical, e. g., fertility, marriage, and death (Li, 2011, p. 92;
Richiardi and Poggi, 2014). For this reason, (multinomial) logit models are mainly
used for estimating transition probabilities in discrete-time dynamic microsimulation
models.

In the case of binary dependent variables y(t)
i ∈ {0, 1}, probabilities of occurrence

can be estimated using logit models. The dependent variable follows a Bernoulli
distribution with the following probability distribution (Greene, 2012, p. 727):

P
(
y

(t)
i = 1|x(t)

i

)
= F

(
η

(t)
i

)
= π

(t)
i (2.8)

P
(
y

(t)
i = 0|x(t)

i

)
= 1− F

(
η

(t)
i

)
= 1− π(t)

i .

The co-domain of the link function F is in the interval [0, 1] to ensure that 0 ≤
P
(
y

(t)
i = 1|x(t)

i

)
≤ 1 (Fahrmeir et al., 2009, p. 31). In the logit model, the link

function F takes the form of the logistic response function (Fahrmeir et al., 2009,
p. 56):

E
(
y

(t)
i

)
= P

(
y

(t)
i = 1|x(t)

i

)
= π

(t)
i =

exp
(
η

(t)
i

)
1 + exp

(
η

(t)
i

) (2.9)

with the linear predictor η(t)
i = x

(t)
i1 β1 + · · ·+x

(t)
ip βp. A logit link function is obtained

by taking the logarithm of the odds ratio (called log-odds) of the probability π(t)
i

and the counter-probability 1− π(t)
i (Fahrmeir et al., 2009, pp. 31f):

F
(
π

(t)
i

)
= logit

(
π

(t)
i

)
= log

 P
(
y

(t)
i = 1|x(t)

i

)
1− P

(
y

(t)
i = 1|x(t)

i

)
 = log

 π
(t)
i

1− π(t)
i

 = x′
(t)
i β.

(2.10)
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The log-odds can be converted back into probabilities by using the inverse link
function F−1(·):

π
(t)
i = F−1

(
F
(
π

(t)
i

))
=

exp
(
x′

(t)
i β

)
1 + exp

(
x′

(t)
i β

) . (2.11)

If the link function F (·) is a probit link function, one obtains (Greene, 2012, p. 728):

F
(
π

(t)
i

)
= probit

(
π

(t)
i

)
= Φ

(
π

(t)
i

)
. (2.12)

The log-odds can be converted back into probabilities by using the inverse link
function F−1(·):

π
(t)
i = F−1

(
F
(
π

(t)
i

))
= Φ

(
x′

(t)
i

)
. (2.13)

Both logit and probit models can be used in microsimulations. In the following, how-
ever, we focus on (multinomial) logit models as they are mainly used for estimating
probabilities in dynamic discrete-time microsimulation models.

The multinomial logit model is a generalization of the logit model for more than two
categories. For the multinomial logit model with J categories indexed by k = 1, ..., J ,
one obtains a set of J − 1 independent logit models, which are compared to the
reference outcome (Hosmer and Lemeshow, 2010, p. 261; Burgard et al., 2021). Let
Y

(t)k
i be a random variable that indicates the choice made, i. e., Y (t)k

i takes the value
1, if y(t)

i = Yk, and 0 else. Moreover, we define category j as reference category.

The probability of occurrence of Yk for individual i for k 6= j is obtained as (Greene,
2012, p. 803):

P
(
y

(t)
i = Yk|x(t)

i

)
= π

(t)k
i =

exp
(
x′

(t)
i βk

)
1 +∑J

l∈{1,...,J}\j exp
(
x′

(t)
i βl

) , (2.14)

where βk is the vector of regression coefficients associated with x(t)
i .

For the reference category k = j, the probability occurrence of Yj for individual i,



2.2. ESTIMATION AND SIMULATION OF TRANSITIONS 14

is obtained as:

π
(t)j
i = 1

1 +∑J
l∈{1,...,J}\j exp

(
x′

(t)
i βl

) . (2.15)

The log-likelihood function for a single individual i ∈ D is given by (Hosmer and
Lemeshow, 2000, p. 263; Burgard et al., 2021):

LL
(t)
i (β1, ..., βJ) =

J∑
l∈{1,...,J}\j

y
(t)
i x

′(t)
i βl − log

1 +
J∑

l∈{1,...,J}\j
exp

(
x′

(t)
i βl

) . (2.16)

Given that the sample observations are independent, the model parameter estimates
are obtained by minimizing the sum of the negative log-likelihoods (Burgard et al.,
2021):

(β̂1, ..., β̂J) = argmin
β1,...,βJ

{
−
(∑
i∈D

LL
(t)
i (β1, ..., βJ)

)}
. (2.17)

As an alternative to the multinomial logit model, the multinomial probit model,
which does not require the independence assumption, can be used. For more details,
see Greene (2012, pp. 810f).

As previously stated, there are two approaches for modeling state-dependent tran-
sition probabilities: First, modeled as first-order Markov processes (Richiardi and
Poggi, 2014, p. 37; Burgard et al., 2020b, p. 291) and second, by including the lagged
dependent variable as an explanatory variable in the regression model (Richiardi and
Poggi, 2014). In first-order Markov processes, the state in period t+1 depends solely
on the previous state t. In the binary case, the variable of interest, y(t)

i , can only
take two states {Y1, Y2}, which are defined as {0, 1}. The transition probabilities
for individual i are:

P
(
y

(t)
i = 1|x(t)

i , y
(t−1)
i = 0

)
=

exp
(
x′

(t)
i β01

)
1 + exp

(
x′

(t)
i β01

) (2.18)

P
(
y

(t)
i = 1|x(t)

i , y
(t−1)
i = 1

)
=

exp
(
x′

(t)
i β11

)
1 + exp

(
x′

(t)
i β11

) ,
where β01 (β11) is the parameter vector for a transition from state 0 at time t − 1
to state 1 at time t (from state 1 at time t− 1 to state 1 at time t). The advantage
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of Markovian transitions is the ability to include different explanatory variables in
the split processes (Richiardi and Poggi, 2014, p. 37).

The probit model for modeling Markovian transition probabilities is given as (Richiardi
and Poggi, 2014, p. 37):

P (y(t)
i = 1|x(t)

i , y
(t−1)
i = 0) = Φ(x′(t)i β01) (2.19)

P (y(t)
i = 1|x(t)

i , y
(t−1)
i = 1) = Φ(x′(t)i β11).

For more then two choices, i. e., in the multinomial logit model, Markovian transition
probabilities for k 6= j are obtained by:

P
(
y

(t)
i = Yk|x(t)

i , y
(t−1)
i = Ym

)
=

exp
(
x′

(t)
i βmk

)
1 +∑J

l∈{1,...,J}\j exp
(
x′

(t)
i βml

) (2.20)

and for the reference category k = j by:

P
(
y

(t)
i = Yj|x(t)

i , y
(t−1)
i = Ym

)
= 1

1 +∑J
l∈{1,...,J}\j exp

(
x′

(t)
i βml

) (2.21)

with m = 1, ..., J .

Alternatively, transition probabilities can be modeled by including the lagged de-
pendent variable as explanatory variable, which is also referred to as dynamic logit
model. In the binary case, where the variable of interest y(t)

i can only assume
two states {Y1, Y2}, the transition probability is obtained as follows (Greene, 2012,
p. 769):

P
(
y

(t)
i = 1|x(t)

i , y
(t−1)
i

)
=

exp
(
x′

(t)
i β + y

(t−1)
i γ

)
1 + exp

(
x′

(t)
i β + y

(t−1)
i γ

) , (2.22)

where γ is defined as regression coefficient for the lagged dependent variable.

The probit model for dynamic probit models is given as (Richiardi and Poggi, 2014):

P (y(t)
i = 1|x(t)

i , y
(t−1)
i ) = Φ(x′(t)i β + y

(t−1)
i γ). (2.23)



2.2. ESTIMATION AND SIMULATION OF TRANSITIONS 16

The multinomial model for estimating transition probabilities for k 6= j is given as
(Burgard et al., 2021):

P
(
y

(t)
i = Yk|x(t)

i , y
(t−1)
i

)
=

exp
(
x′

(t)
i βk + y

(t−1)
i γk

)
1 +∑J

l∈{1,...,J}\j exp
(
x′

(t)
i βl + y

(t−1)
i γl

) (2.24)

and for reference category k = j as:

P
(
y

(t)
i = Yk|x(t)

i , y
(t−1)
i

)
= 1

1 +∑J
l∈{1,...,J}\j exp

(
x′

(t)
i βl + y

(t−1)
i γl

) . (2.25)

Conditional inference trees

Various model-based methods exist for estimating probabilities of occurrence and
transition probabilities. Alternatively to the model based approaches, some dynamic
discrete-time microsimulation models, such as the SMILE microsimulation model
(Rasmussen and M. F. Hansen, 2013; M. F. Hansen et al., 2019), use conditional
inference trees to obtain transition probabilities. On the basis that there are no
impossible state changes in the survey data, the conditional inference tree algorithm
has the advantage of detecting implausible state changes and not assigning positive
transition probabilities to these events (Schmaus, 2023, pp. 35f).

The conditional inference tree algorithm is well-suited for estimating discrete states
using multiple individual characteristics as explanatory variables (M. F. Hansen et
al., 2019). Compared to logit or multinomial models, conditional inference trees
are found to provide better covariate interactions. However, this finding cannot
be generalized. Generalized linear models may outperform conditional inference
trees depending on the covariate selection method and type of response variable
(Fernández-Delgado et al., 2014; M. F. Hansen et al., 2019).

The recursive binary partitioning algorithm is conducted step-wise. In the first step,
the algorithm tests the global null hypothesis of the independence of all explana-
tory variables. If the null hypothesis cannot be rejected, the algorithm terminates.
Otherwise, the covariates with the strongest influence on Y are selected. In the
second step, the variables selected in the first step are split and the procedure is
repeated. For comprehensive information on conditional inference trees, please refer
to Hothorn et al. (2006) and Hothorn and Zeileis (2015).
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Figure 2.3 shows a conditional inference tree that predicts the employment status
using the lagged employment status (Empl. t− 1) and sex (Female) as explanatory
variables. The employment variable (Empl.; Empl t− 1) can take three values: 0 if
the individual is employed, 1 if the individual is unemployed, and 2 if the individual
is inactive. The sex variable (Female) takes the value 1 if the individual is female
and 0 if the individual is male. The data used is from the German Microcensus (MZ)
Scientific Usefile 2014 (RCD of the Federal Statistical Office and Statistical Offices
of the Federal States, DOI: 10.21242/12211.2014.00.00.3.1.0, own calculations). The
tree’s splitting criteria and corresponding p-values are located at the branches. If
additional explanatory variables are considered, the resulting tree diagram becomes
more complex and, therefore, unsuitable for illustrative purposes.

Figure 2.3: Conditional inference tree for modeling the employment status differen-
tiated by lagged employment status, and sex
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In many real-world applications, the data set is imbalanced, i. e., “there is a signif-
icant, or in some cases extreme, disproportion among the number of examples of
each class of the problem” (Fernández et al., 2018, p. 19). A number of techniques
have been developed to address the issue of imbalanced data sets. These can be
grouped into: data sampling, algorithmic modification, cost-sensitive learning, and
ensemble-based methods. A description can be found in Fernández et al. (2018).

Panel data models

Survey data are often available as panel data sets. Panel data have the advantage of
allowing for unobserved heterogeneity. The three most commonly used regression-
based approaches for panel data are pooled regression, fixed effects model, and
random effects models (mixed models) (Greene, 2012, p. 383). The basic panel data
model is given as (Greene, 2012, p. 385):

y
(t)
i = x′

(t)
i β + z′iα + ε

(t)
i (2.26)

with p− 1 regressors in x(t)
i , i. e., not containing a constant term. The heterogeneity

is represented by z′iα. The vector zi includes a constant term and individual ob-
served and unobserved characteristics that are constant over time t. If zi consists
of observed individual characteristics only, then the panel data model (2.26) can be
considered as an ordinary linear regression model. However, in most applications zi
contains unobserved characteristics (Greene, 2012, pp. 385ff).

The pooled regression model is given as (Greene, 2012, p. 389):

yit = α + x′
(t)
i β + ε

(t)
i . (2.27)

In the pooled regression model, zi is a constant term. Therefore, ordinary least
squares yield consistent and efficient estimates of α and β (Greene, 2012, pp. 386,
757).

The fixed effects approach assumes that zi consists of unobserved characteristics
that are correlated with the regressors x(t)

i . For notational convenience, αi is defined
as αi = z′iα. The fixed effects model is given as (Greene, 2012, p. 386):

y
(t)
i = β1x

(t)
i1 + β2x

(t)
i2 + · · ·+ βpx

(t)
ip + αi + ε

(t)
i , t = 1, · · · , T (2.28)

y
(t)
i = x′

(t)
i β + αi + ε

(t)
i .
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The model is called fixed effects model due to the correlation of αi and xit. Therefore,
the ordinary least squares estimator of β is biased and inconsistent (Greene, 2012,
p. 386). A transformation is used to remove αi (Wooldridge, 2020, p. 462). For each
i the average over time (Wooldridge, 2020, p. 463):

ȳi = β1x̄i1 + β2x̄i2 + · · ·+ βpx̄ip + αi + ε̄i (2.29)

is subtracted from model (2.28). This yields:

y
(t)
i − ȳi = β1

(
x

(t)
i1 − x̄i1

)
+ β2(x(t)

i2 − x̄i2) + · · ·+ βp
(
x

(t)
ip − x̄ip

)
+ ε

(t)
i − ε̄i. (2.30)

Defining ÿ(t)
i = y

(t)
i − ȳi (and equivalently ẍ(t)

i1 , ẍ
(t)
i2 , ..., ẍ

(t)
ip , and ε̈

(t)
i ), the equation

(2.30) can be rewritten as (Wooldridge, 2020, p. 463):

ÿ
(t)
i = β1ẍ

(t)
i1 + β1ẍ

(t)
i1 + · · ·+ β1ẍ

(t)
i1 + ε̈

(t)
i . (2.31)

The main disadvantage of the fixed effects approach is that “[a]ny time-invariant
variables in x

(t)
i will mimic the individual specific constant term [...] [and] [t]he

coefficients on the time-invariant variables cannot be estimated” (Greene, 2012,
p. 400). They can therefore not be taken into account as exogenous variables, which
is why the method can be considered unusable for microsimulation models.

In the random effects approach, the unobserved individual effects are assumed to be
uncorrelated with x(t)

i . The model can be specified as (Greene, 2012, p. 387):

y
(t)
i = x′

(t)
i β + α + ui + ε

(t)
i (2.32)

with ui being a group-specific random element. Applying least squares yields con-
sistent but inefficient estimates of β (Greene, 2012, p. 387). As noted above, most
variables in microsimulation models are binary (or multinomial). The general for-
mulation of binary choice models for panel data is (Greene, 2012, p. 756):

y
(t)
i = 1

(
x′

(t)
i β + ε

(t)
i > 0

)
, i = 1, · · · , n, t = 1, · · ·Ti. (2.33)
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The random effects model can be specified as (Greene, 2012, pp. 399, 756):

y
(t)
i = 1

(
x′

(t)
i β + α + ui + ε

(t)
i > 0

)
, i = 1, · · · , n, t = 1, · · ·Ti. (2.34)

For more details on estimating binary choice panel models, see Greene (2012, pp. 756ff).

2.2.3 Simulation Stage

After estimating the probabilities for certain states or state changes, it is determined
whether a concrete state change occurs. If a state change occurs, the state must be
updated and all associated changes must be taken into account. For example, if a
married individual passes away, the state changes from alive to dead, and the state
of the spouse changes from married to widowed.

The simulation stage represents the core of a microsimulation model and can be un-
derstood as the actual simulation. The inverse-transform method is commonly used
in microsimulation models for determining state changes (van Imhoff and Post, 1998;
Münnich et al., 2020, p. 119; Burgard et al., 2020b, p. 291; Frohn and Obersneider,
2020, p. 144; Münnich et al., 2021). It is a technique to generate samples from a
probability distribution given its cumulative distribution function (Rubinstein and
Kroese, 2016, pp. 55-57). The procedure contains the following steps (van Imhoff
and Post, 1998; Burgard et al., 2020b, p. 291):

1. A uniformly distributed random number ru ∼ Unif(0, 1) is drawn for each
individual u ∈ Ũ

2. Individual u changes its state from j to k if ru ∈ [∑k
l=1 π

(s+1)j(l−1)
u ,

∑k
l=1 π

(s+1)jl
u ]

with π(s+1)j0
u := 0.

The following example illustrates the procedure. Assume that the transition proba-
bility for a full-time employee to remain in this state is 0.7, to change to part-time
employment 0.2, and to become unemployed 0.1. Thus, the cumulative probabilities
are {0.7, 0.9, 1}. Further assume that the random number is 0.83. Consequently,
the individual changes to a part-time job as 0.83 ∈ [0.7, 0.9] (Münnich et al., 2021).

Transition probabilities are typically estimated using longitudinal data sets from
official statistics (Münnich et al., 2021). The inclusion of random effects in mi-
crosimulation has received limited attention. This may be due to the popularity of
alignment methods in microsimulation models (Richiardi and Poggi, 2014). Nev-
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ertheless, if the microsimulation model focuses on individual trajectories, it is rec-
ommended to account for unobserved heterogeneity. The inverse-transform method
has to be adapted, if the transition probabilities are estimated using random effects
or fixed effects models as the unobserved individual effects have to be assigned to
the individuals in the base population. The assignment of unobserved individual
effects to the base population Ũ in the prediction process is not trivial since the
survey sample D on which the models are computed does not correspond to the
base population Ũ . Richiardi (2014) develops an algorithm for assigning random
effects to the base population. This method, which became known as Rank method,
can be applied to simulate state changes based on linear models with fixed effects
as well as on binary logit and probit models with fixed or random effects (Richiardi,
2014).

The Rank method follows the eight-step procedure outlined below (Richiardi, 2014;
Richiardi and Poggi, 2014):

1. Estimate the generalized mixed effects model based on the survey sample D.

2. Simulate on Ũ the predicted outcome ŷ(s)
u = I

(
x′(s)u β̂ + γ̂y(s−1)

u > 0
)
by impos-

ing αi = 0 on all individuals requiring assignment. I is defined as an indicator
function and it is assumed that s = t.

3. Calculate the difference between the observed outcome y(t)
i and the predicted

outcome ŷ(s)
u .

4. Order the differences from high to low. If two or more differences are equal,
ordering takes place randomly.

5. Extract Ñ values from the estimated unconditional distribution of the random
effects.

6. Extract Ñ values from the estimated unconditional distribution of the idiosyn-
cratic disturbances.

7. Build the error terms based on the estimated unconditional distribution of the
random disturbances from step 5 and the estimated unconditional distribution
of the idiosyncratic disturbances from step 6, ẽ(s)

u = α̃(s)
u + ε̃(s)

u , and rank them
in descending order.

8. Assign the random effects α̃(s)
u to the individuals that need assignment by

matching the two ranks above.
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Individuals retain their random effect until they leave the base population due to
death or moving across country borders. When new individuals join the base pop-
ulation through birth or migration, the same procedure is followed for these new
individuals. Note, however, that for individuals who enter the simulation process
as newborns, random effects could also be drawn from the estimated unconditional
distribution since they do not have a history of previous outcomes (Richiardi and
Poggi, 2014).

In dynamic microsimulation models, the focus is generally not on point estimates,
but on conducting comprehensive ceteris paribus analyses that take into account
the complexity of the underlying population (Li and O’Donoghue, 2013). In the
third step, the Rank method requires the calculation of the difference between the
observed outcome, ysu, and the predicted outcome, ŷsu (Richiardi and Poggi, 2014).
First and foremost, this requires that the observed outcome for individual i can be
compared with the simulated result for individual u, i. e., that i = u. However,
comparing ysu and ŷsu is restricted to the simulation periods where s = t. Therefore,
it is not possible to assign random effects to immigrated individuals or newborns,
when s 6= t. Moreover, it is questionable whether the assumption that individuals
retain the random effects throughout their lives is realistic. For these reasons, the
Rank method is not considered further in the following.

2.2.4 Alignment Methods

High-quality statistics and data are crucial. Especially in times when distorted facts
and fake news spread quickly, quality statistics and data are of great importance.
The European Statistics Code of Practice, adopted by the Statistical Programme
Committee in 2005 and revised by the European Statistical System Committee in
2011 and 2017, reflects the need for official statistics to provide relevant, timely,
and accurate statistics that align with the principles of professional independence,
impartiality, and objectivity (European Union, 2018).

Unaligned models often result in deviations from known totals. A. Duncan and
Weeks (1998, p. 151) emphasize that “even in functionally well-specified models, the
predictive performance is poor, particularly where some states are relatively densely
or sparsely represented in the data”. In the context of microsimulation models, the
process of calibrating the base population to match external aggregates is known as
alignment (O’Donoghue, 2001, pp. 134ff; Klevmarken, 2002; Li, 2011, pp. 89ff; Li and
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O’Donoghue, 2014; Münnich et al., 2021). A prerequisite for the use of alignment
methods is that external, high quality, projections are available, which can serve as
target values. Note that the use of appropriate alignment methods do not distort
the original shape of the probability distribution (Stephensen, 2016; Burgard et al.,
2021; Schmaus, 2023, ch. 3).

To enhance the credibility of the microsimulation model and the trustworthiness of
its results, it is crucial that the dynamics and outcomes of dynamic microsimulations
align closely with reality. This can be achieved by using alignment methods. Overall,
the literature identifies four main reasons for the use of alignment methods (Li and
O’Donoghue, 2014; Stephensen, 2016):

• Implementation of assumption-based scenarios

• Generation of consistent micro and macro models

• Mitigation of the consequences of insufficient estimation data

• Reduction of Monte Carlo variability.

Alignment methods can be classified as ex-post alignment and parameter alignment
(Bækgaard, 2002; Li and O’Donoghue, 2014). Ex-post alignment directly adjusts
the obtained transition probabilities or state changes, while parameter alignment
modifies the estimated parameters β̂ to match external benchmarks, i. e., mean
alignment. Ex-post alignment has the advantage that the method used to obtain
the transition probabilities does not matter. The alignment strategy can be to
match the expected number of known transitions or states, i. e., mean alignment,
or to eliminate the Monte Carlo variation relative to the known total, i. e., variance
elimination. Ex-post alignment methods have an inherent problem as they require
external benchmarks for each simulation period (Schmaus, 2023, ch. 3). If no bench-
marks are available, either an arbitrary value is assumed, the last adjustment value
is kept constant or the benchmarks are forecasted using time-series models, such as
ARIMA models (Bijak et al., 2013).

Parameter alignment approaches include Logit-Scaling (Stephensen, 2016), Con-
strained Parameter Alignment (Klevmarken, 2002), and Constrained Maximum
Likelihood (Burgard et al., 2021). These methods can be understood as minimiza-
tion problems under constraints, where the constraint ensures that the known total
are matched. As starting point serves the difference (∆(s)k) between the sum of the
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predicted individual transition probabilities π̂(s)k
u and the known total τ (s)

k :

∆(s)k :=

∣∣∣∣∣∣
Ñ∑
u=1

π̂(s)k
u − τ (s)

k

∣∣∣∣∣∣ > εk. (2.35)

Alignment methods aim at obtaining a new set of probabilities for the multinomial
variable with J attributes so that the following conditions are met (Burgard et al.,
2021; Schmaus, 2023, p. 74):

∆(s)1 ≤ ε1,∆(s)2 ≤ ε2, ...,∆(s)J ≤ εJ . (2.36)

The methods differ with respect to the target function. Logit-Scaling minimizes the
relative entropy of the adjusted probabilities to the estimated probabilities under
constraints, Constrained Parameter Alignment minimizes the Mahalanobis distance
of the adjusted parameters to the model parameters under constraints and Con-
strained Maximum Likelihood maximizes the model likelihood of the original model
under constraints (Schmaus, 2023, ch. 3). In the following, we focus on Logit-Scaling.
This method is frequently applied in the field of microsimulations as it is straight-
forward to implement and intuitive.

It is not always possible to make a clear distinction between parameter and ex-
post alignment. Under certain circumstances, Logit-Scaling can be considered both
parameter and ex-post alignment. On the one hand, Logit-Scaling involves the
sequential adjustment of probabilities using iterative proportional fitting until the
known total is met. It aims to find a new probability distribution that includes the
external benchmark, while largely retaining the original distribution of the proba-
bilities. Accordingly, it is classified as ex-post alignment, as the initially estimated
transition probabilities are adjusted. On the other hand, Logit-Scaling can also be
considered as parameter alignment if (multinomial) logit models are used to esti-
mate these transition probabilities. This is due to the fact that the adjustment made
through iterative proportional fitting is analogous to an adjustment of the intercept.

Let π̂[0](s+1)j
ur for j = 1, · · · , J be the initial transition probabilities, q̂[0](s+1)j

ur the ini-
tial mean of the transition probabilities, Qr = {q(s+1)j

ur |u = 1, · · · , Ñr; j = 1, · · · , J}
the joint discrete probability distribution of states and micro-units for Ũr, and Q[0]

r

the initial probability distribution. The objective of Logit-Scaling is to find a set
of new probability distributions {Q∗1, · · · , Q∗R} that satisfy the external benchmark



2.2. ESTIMATION AND SIMULATION OF TRANSITIONS 25

data while minimally affecting the distribution of π̂[0](s+1)j
ur . Therefore, the Kullback-

Leibler divergence between Q[0]
r and Qr

DKL
r (Qr||Q[0]

r ) =
∑
u∈Ũr

J∑
j=1

q(s+1)j
ur log

(
q(s+1)j
ur

q
[0](s+1)j
ur

)
(2.37)

= 1
Ñr

∑
u∈Ũr

J∑
j=1

π̂(s+1)j
ur log

(
π̂(s+1)j
ur

π̂
[0](s+1)j
ur

)

subject to∑
i

π̂(s+1)j
ur = X̄(s+1)j

r , j = 1, · · · , J
∑
j

π̂(s+1)j
ur = 1, u = 1, · · · , Ñr

π(s+1)j
u ≥ 0, u = 1, · · · , Ñ , j = 1, · · · , J

is minimized (Stephensen, 2016; Burgard et al., 2021). Stephensen (2016) shows
that the minimization problem can be solved by bi-proportional scaling.

Up to this point, the procedure can be classified as ex-post alignment. As stated
above, Logit-Scaling can also be classified as parameter alignment if the transition
probabilities are estimated using (multinomial) logistic regression models. In these
cases, the iterative proportional fitting is equivalent to an intercept adjustment. In
a binary logistic regression model, the modified probability is given as:

π̂(s)
ur =

exp
(
x′(s)ur β̂ + δ

)
1 + exp

(
x′(s)ur β̂ + δ

) , (2.38)

where δ is the intercept adjustment term. It is calculated as:

δ = log
(

π̂(s)
ur

1− π̂(s)j
ur

)
− log

(
π̂[0](s)j
ur

1− π̂[0](s)j
ur

)
. (2.39)

In the multinomial case, the intercept adjustment term is calculated for each of the
J states separately:

δj = log
(
π̂(s)j
ur

π̂
[0](s)j
ur

)
− 1
J

J∑
j=1

log
(
π̂(s)j
ur

π̂
[0](s)j
ur

)
. (2.40)

For more information, we refer to Stephensen (2016).
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To achieve an extended regionalization effect, group-specific benchmark values can
be used to improve the projection. For example, one might consider gender-specific
trends in income across different regions. It is assumed that it is not possible to
estimate regionalized models. Regionalization is achieved by alignment and the
subsequent adjustment of intercepts via Logit-Scaling.

It is important to note that benchmark data is only available for a limited time
period. Especially, when the microsimulation model projects the base population
into the future, benchmark data is not available for all simulation periods. The
alignment process itself can be used to calibrate the models for future projections
using the adjusted intercepts. However, this raises the question of how to project
the intercept adjustment values into the future. The following approaches, among
others, can be used to obtain δ for periods in the future:

• Using the last observed δ for all simulation periods that lie in the future

• Calculating the mean of all past δ and using this value to adjust the intercept
in the future

• Calculating the median of all past δ and using this value to adjust the intercept
in the future

• Estimating an ARIMA model and forecast the evolution of δ into the future.

An overview of the different alignment techniques is provided in Li (2011, ch. 4),
Li and O’Donoghue (2014), Burgard et al. (2021) and Schmaus (2023, ch. 3). The
methods differ in terms of their applicability and functionality. For a comparison of
different alignment methods, see Burgard et al. (2021) and Schmaus (2023, ch. 3).

2.3 Validation Methods

Validation constitutes an integral part of microsimulation models (Klevmarken,
2008, pp. 47ff; Edwards and Tanton, 2013; Li et al., 2014b, pp. 29f; Lütz and Stein,
2020, pp. 147-150). However, there is no consensus within the microsimulation com-
munity on the aspects of validation (Lütz and Stein, 2020, pp. 147-150; O’Donoghue,
2021, p. 225). In the following, we distinguish between internal and external valida-
tion.
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2.3.1 Internal Validation

Internal validation is defined as the validation of the microsimulation model based
on data used to estimate the models. It is commonly understood as “the process
whereby the variables that were used in the estimation of the output are compared,
so that the input dataset is compared with the output dataset for those variables”
(Edwards and Tanton, 2013, p. 249). Thus, the estimation data D and the updated
base population Ũ are required for internally validating the microsimulation model.
For this reason, internal validation is straightforward if the base population is a
(sub-)sample of the estimation data set D. In these cases, the estimation data set D
can be directly compared to the updated base population Ũ using different quality
criteria.

In most dynamic microsimulation models, however, the estimation data set D does
not contain the same micro-units as the base population and thus cannot be used for
validation purposes. As a result, direct comparisons between the base population
and the validation data set are not feasible. If the simulated time is equal to the
time period in the validation data set, t = s, it might be possible to aggregate the
micro-units of the base population and the validation data set to the same regional
level and validate the microsimulation model at regional level (Edwards and Tanton,
2013, p. 250). In many cases, however, the estimation data set D is a survey sample
and an aggregation to the common level might not result in reliable benchmarks.

In general, internal validation of microsimulation models goes beyond the compar-
ison of input and output data. Further aspects of internal validation include the
assessment of different statistical models (Bongers et al., 2016), plausibility as well
as consistency checks, code debugging (Lütz and Stein, 2020, p. 148), handover plots,
Receiver Operating Characteristics curves, and cross-validation (Archer et al., 2021).
Plausibility and consistency checks within the modules of a microsimulation model
ensure that the state transitions and variable outcomes adhere to logical rules. Im-
plausible transitions should be identified and the corresponding model and modules
corrected accordingly. For example, it is not feasible for an individual to obtain a
high school diploma as the highest school-leaving qualification in year t and then
receive a lower secondary school diploma in the subsequent year t+1. It is important
to evaluate not only the modules separately but also the microsimulation model as
a whole (Burgard et al., 2020a).
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Code debugging is closely related to plausibility and consistency checks. The mod-
ular structure allows to integrate module-specific debugging devices into the mi-
crosimulation model. Ideally, users should obtain clear error messages stating the
reason for the termination of the simulation. At a minimum, the exact line of the
error should be displayed (O’Donoghue et al., 2009; Burgard et al., 2020a).

Handover plots are visual representations of the simulated output to assess whether
the simulated data evolve as expected over time. Receiver Operating Characteristic
curves are used to evaluate binary classification problems. These methods are mainly
employed for the internal validation of health microsimulations (Archer et al., 2021).
Since the focus of this thesis is not on classification problems, we refer to Hosmer
and Lemeshow (2000, ch. 5.2.4) and Archer et al. (2021) for more information on
assessing the model fit based on the Receiver Operating Characteristic curve and
handover plots.

Cross-validation is very popular in the field of internal validation. In CV -fold cross-
validation the data are split into CV folds and the validation is performed CV times.
In each validation run, CV − 1 folds serve as training data and one fold is used for
testing purpose and a performance measure, e. g., the Brier score (Brier, 1950),
is calculated. Each fold takes the role of the test data once. The cross-validation
estimate is the average of the performance measures over the CV folds (Hastie et al.,
2009, p. 242). In the case of imbalanced data, it is common to use stratified cross-
validation, where the distribution of the variable of interest is resembled in each fold
(Japkowicz, 2013, p. 205). The Brier score is mainly used to evaluate probabilistic
predictions. The Brier score is defined as the mean squared error (MSE) between
the predicted probabilities and the true classes (Fernández et al., 2018, pp. 57f). For
i = 1, . . . , n outcomes and J possible categories, the Brier score is defined as:

B(t) = 1
n

J∑
j=1

n∑
i=1

(π̂(t)j
i − C(t)j

i )2 (2.41)

with π̂(t)j
i denoting the forecast probabilities. The class indicator C(t)j

i takes a value
of 1 if the event occurs, and 0 otherwise. The Brier score ranges between zero and
two with lower values indicating better predictive properties of the model (Brier,
1950). Following Kruppa et al. (2014), the Brier score (2.41) can be divided by 2 to



2.3. VALIDATION METHODS 29

normalize the value range so that the Brier scores lie between 0 and 1, Bnorm ∈ [0, 1]:

B(t)
norm = 1

2n

J∑
j=1

n∑
i=1

(
π̂

(t)j
i − C(t)j

i

)2
. (2.42)

The lower the Brier score, the better the model under study. Note that in the case of
unbalanced data, predictive performance for the rare class may be poor even though
the model is well-specified (A. Duncan and Weeks, 1998; Wallace and Dahabreh,
2014). Therefore, the Brier score is of limited use for assessing predictive power in
the case of unbalanced data as “calibration may be good overall, but poor for the
rare class” (Wallace and Dahabreh, 2014, p. 38). Thus, the Brier score (2.41) is not
appropriate for unbalanced categorical variables. A potential solution is to assess
the models under study separately for each category. Alternatively, Wölwer (2023,
ch. 3) proposes an extension of the Brier score to account for unbalanced categories,
the weighted Brier score Bw:

Bw = 1
2n

J∑
j=0

dj
n∑
i=1

(p̂ij − Cij)2, (2.43)

where ∑j
j=0 = 1, dj > 0. In the weighted Brier score, a vector of weights for the

categories d = (d1, ..., dJ)T is incorporated.

The Akaike information criterion (AIC) and the Bayesian information criterion
(BIC) do not belong to the class of measures of fit as such, but to the informa-
tion criteria. Both the AIC Akaike (1973) and the BIC (Schwarz, 1978) are popular
model selection criteria (Greene, 2012, pp. 179, 180, 573). The AIC is based on the
expected Kullback-Leibler divergence between the estimated model and the true
model (Wood, 2017, p. 75). It is defined as (Greene, 2012, p. 573):

AIC = −2LL+ 2K, (2.44)

where K is the number of parameters in the model and LL is the log-likelihood
for the estimated model. The model with the lowest AIC value is preferred. The
BIC is an “asymptotic approximation to a transformation of the Bayesian posterior
probability of a candidate model” (Neath and Cavanaugh, 2012, p. 199). It is defined
as (Greene, 2012, p. 573):
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BIC = −2LL+K lnn, (2.45)

where n is the number of observations. As with the AIC, lower BIC values indicate
a better fit.

Although, the AIC and BIC are similar in structure, they differ in their theoretical
foundations (Fahrmeir et al., 2009, p. 162). The BIC, on the one hand, aims at
selecting from among the candidates the model that is most likely to be the true
model given the data. The AIC, on the other hand, assumes that there is no iden-
tifiable true model and selects the model based on the expected prediction of new
data. Thus, the BIC is more appropriate when the focus is on inference, whereas
the AIC is more appropriate when the focus is on prediction (Kuha, 2004).

2.3.2 External Validation

External validation is the process of validating the base population against external
data. It is designed to assess whether the simulation can replicate known external
data (Edwards and Tanton, 2013, p. 249; Lütz and Stein, 2020, p. 149). A distinction
is made between retrospective and prospective external validation. Retrospective
microsimulation models are defined as microsimulation models that update the base
population up to the present. In retrospective external validation, a retrospective
microsimulation model is compared with real external data. When conducting dy-
namic microsimulations, comparing them with external data sources can be difficult
due to the lack of suitable data at the appropriate spatial scale. In some cases,
external validation problems can be avoided by aggregating the base population to
the geographic level of the external validation data. Alternatively, the simulated
microdata can be compared to an available microdata set that contains a variable
correlated with the variable of interest, or to simulation data from other microsimu-
lation models. Prospective microsimulation models update the base population into
the future. Thus, a comparison with external real data is not feasible. In the litera-
ture, there are two approaches to prospective external validation: Either the model
is validated retrospectively when the necessary external data become available (Han-
nappel and Troitzsch, 2015, p. 483; Lütz and Stein, 2020, p. 149), or similar models
with a simulation horizon in the future are used for comparison (Richard Morrison,
2008; Lütz and Stein, 2020, p. 149).
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In the microsimulation literature, external validation of the overall model is mainly
based on the total absolute error (TAE), the standardized absolute error (SAE), and
the root mean squared error (RMSE) (Ballas et al., 1999; Voas andWilliamson, 2000;
Tanton, 2014; Edwards and Tanton, 2013). Quality measures are often inspired by
other research areas. We mainly follow the microsimulation literature on external
validation, and we also draw upon quality and performance indicators for statistical
processes and outputs (European Union, 2021).

A prerequisite for external validation of a microsimulation model is the existence of
known benchmarks from Official Statistics. It is desirable that the benchmark values
are available for the simulation horizon, s = t. The known number of individuals in
state Yk in region r at time t is given as:

τ (t)k
r =

N
(t)
r∑
i=1

1(y(t)
i,r = Yk). (2.46)

The MSE is defined as:

MSE(t)k =

∑R
r=1

(
τ (t)k
r −∑Ñ

(t)
r

ur=1 y
(t)
u,r

)2

R
. (2.47)

The RMSE is the root of the MSE:

RMSE(t)k =
√
MSE(t)k. (2.48)

The TAE determines the total difference between the simulated data and the actual
data. The TAE for state Yk is defined as (Ballas et al., 1999; Edwards and Tanton,
2013, p. 251):

TAE(t)k =
R∑
r=1

∣∣∣∣∣∣∣τ (t)
r −

Ñ
(t)
r∑

u=1
1(y(t)
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∣∣∣∣∣∣∣ . (2.49)

The SAE divides the TAE by the expected population size in state Yk. Thus, the
SAE for state Yk is given as (Edwards and Tanton, 2013, p. 251; Timmins and
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Edwards, 2016):

SAE(t)k = TAE(t)k∑R
r=1 τ

(t)k
r

. (2.50)

The SAE is similar to the relative mean absolute revision. The relative mean abso-
lute revision is the most important measure to assess the quality of the first estimate
of short-term business statistics indicators as it allows for comparisons between dif-
ferent indicators (Eurostat, 2023).

2.4 Application: Modeling the Employment Sta-
tus in the MikroSim Model

The employment module is crucial for analyzing economic scenarios as it allows,
for example, the analysis of various work incentive scenarios. Additionally, the
employment module serves as an essential link variable for establishing a coherent
connection between micro and macro models. In this section, we compare different
modeling strategies for employment transitions in the MikroSim microsimulation
model and evaluate their performance based on various quality criteria.

2.4.1 The MikroSim Microsimulation Model

The MikroSim model (Münnich et al., 2021) is developed within the MikroSim
project FOR 2559. It is funded by the German Research Foundation (DFG). In
the first project phase, the methodological focus was on the creation of the base
population and the development of appropriate methods for projecting the base
population into the future. Building on this, the thematic focus was on the analysis
of family structures, care, and the integration of migrants into the labor market
(MikroSim, 2023a). The second project phase deals with statistical methods for the
development of a simulation data center, efficiency and uncertainty measurement
in microsimulations, the simulation of educational trajectories under consideration
of latent decision processes, evaluation of regional hospital care, outpatient health
care, transportation choices, and housing analysis (MikroSim, 2023b).
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A distinctive feature of the MikroSim model is its high degree of regionalization.
In the MikroSim model, individuals (and households) are geo-referenced at district
level. This is particularly noteworthy as regional statistics are becoming increasingly
important and have received much attention from the general public in recent years,
especially in the context of the COVID-19 pandemic. The importance of regional
statistics is also emphasized by the European Commission. Almost one third of
the EU budget is allocated to cohesion policy for the period 2021-2027. It aims at
supporting all regions and cities in the European Union in terms of job creation,
business competitiveness, economic growth, sustainable development, and citizen’s
quality of life. In order to design different policies to achieve these objectives and
to assess their impact, regional statistics are inevitable.

According to the differentiation in Section 2.1, the MikroSim model can be classified
as a population-based regional discrete-time dynamic microsimulation model. Start-
ing point is a synthetic base data set of Germany, which builds upon the anonymized
national register of residents from the preparatory studies for the German census
2011 (Münnich et al., 2012). The base population includes all of the approximately
80 million inhabitants of Germany in 2011. Since the register contains only a limited
number of (mainly demographic) variables, the base data set is extended using the
German Microcensus (Münnich et al., 2021). The synthetic population is adjusted
to known census totals using simulated annealing, see van Laarhoven and Aarts
(1987).

The aim of the MikroSim model is to project the German population into the future
by estimating individual transition probabilities using statistical modeling strate-
gies. Multinomial logit and logit regression models are mainly used for estimating
transition probabilities. The transition probabilities in the MikroSim model are
modeled with annual frequency. State changes are determined based on the inverse-
transform method (Münnich et al., 2021). If known totals from official statistics
are available, the models are calibrated against the benchmarks. In the MikroSim
model, Logit-Scaling is predominantly used as alignment method. The advantage
of this method is that it is straightforward to implement for binary as well as multi-
nomial cases and minimizes the Kullback-Leibler distance between the original and
adjusted probability distribution (Stephensen, 2016; Burgard et al., 2021). For a
comprehensive review of different alignment methods in dynamic microsimulations,
see Schmaus (2023, ch. 3.2).
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Like most discrete-time dynamic microsimulations, the MikroSim model has a mod-
ular structure with strong interconnections between the modules (Münnich et al.,
2021). This allows for a high degree of flexibility, as the modules and models can
be updated and exchanged on an ongoing basis. Therefore, the existing modules
and the underlying models must be adapted each time the microsimulation model
is updated (van Imhoff and Post, 1998; Burgard et al., 2020a).

The module sequence of the MikroSim model is depicted in Figure 2.4. A detailed
description can be found in Münnich et al. (2021).

Figure 2.4: Module Sequence in the MikroSim Model
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Source: Own illustration based on Münnich et al. (2021).
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The simulation starts with the mortality module, which determines the probability
of death based on life-tables. After simulating the event of death, individuals who
have not died become one year older. In the fertility module, the probability of
childbirth is estimated for all women of fertile age between 15 and 49 years. For all
women who give birth, it is then determined whether it is a single or twin birth.
The newborn child or, in the case of twin birth, the newborn children are assigned
the same HID as the mother. The fertility module is followed by the simulation of
leaving the household. In the MikroSim model, individuals leave a household for
one of three reasons: separation from a partner, leaving the parental household, or
moving out of a shared apartment.

Regional mobility can be modeled using an open or closed migration module. The
open migration model follows a three-step procedure: First, immigrating households
from outside Germany are selected from an external population and added to the
base population. Second, inflows from Germany are implemented by drawing house-
holds from a copy of the base population. Third, households moving across district
borders are identified and removed from the base population. In the closed migra-
tion module inflows from abroad are implemented at the beginning analogously to
the open module. This is followed by the simulation of migration across district
borders. Only households that were selected to move abroad are removed from the
base population. All other individuals are first distributed to the federal states and
then to new districts within the federal states. The main advantage of a closed
migration module over an open module is that it achieves consistency in terms of
moving individuals and population size. Moreover, individuals can be traced over
time. For a detailed description of the migration module in the MikroSim model,
see Schmaus (2023, ch. 4.5).

The partnership module simulates the formation of new partnerships. First, the
probability is determined that people over the age of 18 who are not currently
in a partnership will enter into a partnership. The model is estimated separately
for women and men. The selected individuals are then matched using stochastic
matching, taking into account covariates. As the MikroSim model uses stochastic
matching, it allows for less favorable partnerships, such as those with larger age dif-
ferences. The marriage module only considers individuals who are single, widowed,
or divorced and in a partnership. Therefore, individuals aged 18 and above are eli-
gible to enter into marriage. The probability of getting married is determined based
on household and individual information. The MikroSim model includes a module
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for moving into shared flats to account for the high number of shared flats in large
cities and university towns. Single households between the ages of 18 and 35 are
considered. New households are formed by randomly matching all individuals who
are moving into shared flats. The average newly formed household consists of three
individuals.

The school education module assigns the age of school enrollment based on the rela-
tive frequencies published by the Federal Statistical Office (Statistisches Bundesamt
(Destatis), 2020). Enrollment can occur at the early age of five, the regular age of
six, or the late age of seven. The module also determines the duration of schooling
and the school-leaving qualification. The vocational education module assigns a vo-
cational qualification to school leavers. The categories considered are: no vocational
training, vocational training degree and university degree. The vocational education
module is followed by the employment module. The employment module consists of
three models: First, the employment status is assigned to individuals aged between
15 and 66 years. Second, for employed individuals it is determined whether they
are employed full-time or part-time. Third, individuals older than 66 years are send
into retirement. The last module in the MikroSim model is the income module.
The income module is crucial for policy analyses, such as tax reforms. Currently,
the income module is a standalone component in the MikroSim model and does not
affect the other modules, i. e., income is not used as explanatory variable in the
other models.

2.4.2 Data Description

The MikroSim base population builds upon the anonymized national register of
residents from the preparatory studies for the German census 2011 (Münnich et al.,
2012) and is enriched using the German Microcensus. The synthetic data generation
can be described as (Münnich et al., 2021):

f(X),Y,Z(x,y, z) = f(x) · f(y|x) · f(z|x,y).

The variable set X contains basic demographic variables, which are included in both
the register and in the German Microcensus. The variable set Y contains variables
from the German Microcensus related to education and employment status. This
information is used to obtain the conditional distribution f(y|x). Furthermore, the
variable set Z contains variables related to the thematic focus. The conditional dis-



2.4. APPLICATION: MODELING THE EMPLOYMENT STATUS 37

tributions are usually obtained using multinomial logit models. To account for clus-
ter effects in households, the variables for household members are generated using a
household type variable (Alfons et al., 2011; Kolb, 2013; Münnich et al., 2021). The
synthetic population is adjusted to known census totals using simulated annealing
(van Laarhoven and Aarts, 1987; Huang and Williamson, 2011; Williamson, 2013;
Tanton, 2014). For further information on the creation of the base population, see
Münnich et al. (2021).

The transition probabilities for projecting the base population into the future are
mainly estimated using the German Microcensus Scientific Use Files from 2012 to
2014 (Münnich et al., 2021). The German Microcensus is an Official Statistics survey
that is carried out on an annual basis using a 1 percent (%) representative sample
of the German population and households since 1957. For most of the questions,
the answer is obligatory. Thus, the German Microcensus offers valuable insight into
the population. The Microcensus covers the following topics (RDC of the Federal
Statistical Office and Statistical Offices of the Federal States, 2022a):

• Population structure

• Economic and social situation of the population

• Families and households

• Employment market

• Occupational outline and training of the workforce

• Living conditions.

The Scientific Use File is a de-facto anonymized 70% sub-sample of households from
the German Microcensus. Due to the anonymization, certain variables are only
available in classified or coarse form. The categories are aggregated to ensure that
each category contains 5,000 cases. An exception is the nationality variable, for
which the categories are aggregated so that each nationality contains at least 50,000
cases (RDC of the Federal Statistical Office and Statistical Offices of the Federal
States, 2022b). From 2012 it is possible to merge the Scientific Use Files to create
a panel data set (RDC of the Federal Statistical Office and Statistical Offices of the
Federal States, 2022c).



2.4. APPLICATION: MODELING THE EMPLOYMENT STATUS 38

The employment variable in the German Microcensus EF29 is defined according to
the International Labour Organization (ILO) labor force concept (Schmidt, 2000).
In accordance with the ILO definition, an individual of working age is categorized
as either employed, unemployed, or outside the labor force ILO (2023, para. 15).
Employed persons include “individuals of working age who, during a short reference
period, were engaged in any activity to produce goods or provide services for pay or
profit” (ILO, 2023, para. 27). The short reference period is defined in ILO (2023,
para. 15, 19(a)) as seven days or one week. Employed persons comprise (ILO, 2023,
para. 15, 27):

• Employed persons at work

• Employed persons not at work due to temporary absence from a job, or working
time arrangements (such as shift work, flexible hours schedule and compen-
satory leave for overtime).

Unemployed persons include “all those of working age who were not in employment,
carried out activities to seek employment during a specified recent period and were
currently available to take up employment given a job opportunity arises” (ILO,
2023, para. 47). The sum of the employed and unemployed makes up the labor force.
The part of the working age population that is neither employed nor unemployed
during the short reference period is defined as being outside the labor force (ILO,
2023, para. 16). Table 2.1 gives an overview of the employment categories according
to the ILO standards and the corresponding categories of the variable EF29.

Table 2.1: Conversion table: Employment status

ILO definition Variable value in MZ (category of EF29)

Labor force
employed employed (1)

unemployed unemployed (2)

Not in labor force Labor force
job-seeking inactive people (3);

other inactive people (4)
Source: Own illustration.

In the relevant sub-population for the labor module, the distribution is depicted
in Table 2.2. Most of the individuals in the relevant sub-population are employed.
The percentage of employed persons varies between 72% in the German Microcen-
sus Scientific Use Files 2014 (RCD of the Federal Statistical Office and Statisti-
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cal Offices of the Federal States, DOI: 10.21242/12211.2014.00.00.3.1.0, own cal-
culations) to 78% in the German Microcensus Scientific Use Files 2012 and 2013
(RCD of the Federal Statistical Office and Statistical Offices of the Federal States,
DOI: 10.21242/12211.2012.00.00.3.1.0; 10.21242/12211.2013.00.00.3.1.0, own calcu-
lations). The percentage of unemployed persons varies between 4% in the German
Microcensus Scientific Use Files 2014 (RCD of the Federal Statistical Office and
Statistical Offices of the Federal States, DOI: 10.21242/12211.2014.00.00.3.1.0, own
calculations) to 5% in the German Microcensus Scientific Use Files 2012 and 2013
(RCD of the Federal Statistical Office and Statistical Offices of the Federal States,
DOI: 10.21242/12211.2012.00.00.3.1.0; 10.21242/12211.2013.00.00.3.1.0, own calcu-
lations) and the percentage of inactive persons varies from 17% in the German
Microcensus Scientific Use File 2013 (RCD of the Federal Statistical Office and
Statistical Offices of the Federal States, DOI: 10.21242/12211.2013.00.00.3.1.0, own
calculations) to 24% in the German Microcensus Scientific Use File 2014 (RCD
of the Federal Statistical Office and Statistical Offices of the Federal States, DOI:
10.21242/12211.2014.00.00.3.1.0, own calculations).

Table 2.2: Distribution of employment status in risk population

Microcensus wave Employed Unemployed Inactive

German Microcensus SUF 2012 0.78 0.05 0.18

German Microcensus SUF 2013 0.78 0.05 0.17

German Microcensus SUF 2014 0.72 0.04 0.24
Source: RCD of the Federal Statistical Office and Statistical Offices of the Federal States, DOI:
10.21242/12211.2012.00.00.3.1.0 to 10.21242/12211.2014.00.00.3.1.0, own calculations.

2.4.3 Modeling Techniques for Employment Transitions

The evolution of the base population depends on the modules and the underlying
models. Therefore, the choice of appropriate models for estimating transition proba-
bilities is crucial. In most dynamic microsimulation models, the labor market status
is estimated either by including the lagged labor market status as an explanatory
variable or by using a Markovian transition models with the “processes [being] split
up according to the initial state” (Richiardi and Poggi, 2014, p. 37). However, there
are various modeling approaches available to estimate labor market transitions.
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In the MikroSim model, employment transitions are estimated using a multinomial
logit model with the lagged dependent variable, i. e., the employment status in the
previous period t − 1, as explanatory variable. Additionally, the model considers
age, sex, school education, vocational education, marriage, citizenship, federal state,
children in the household, and children under the age of 3 years are considered as
explanatory variables (Münnich et al., 2021).

Burgard et al. (2020b) propose the use of Markovian transition models as the sim-
plest method for estimating transition probabilities. The model prevents implausible
transitions. Richiardi and Poggi (2014) also emphasize this modeling approach for
estimating employment transitions. The transition probabilities for the labor mar-
ket status in period t are estimated using three separate multinomial logit models
conditional on the labor market status in the previous period.

Kiiver and Espelage (2016) model each labor market transition separately using a
logit model. The dependent variable is defined as the transition from one state to
another state, e. g., transition from unemployment to employment. In our case, this
approach yields nine different regression models: (1) from unemployment to em-
ployed, (2) from unemployment to inactive, (3) from unemployment to unemploy-
ment, (4) from employment to unemployment, (5) from employment to inactive,
(6) from employment to employment, (7) from inactive to unemployed, (8) from
inactive to employed, (9) from inactive to inactive. The set of explanatory variables
includes the duration of unemployment, sex, education, and age.

Tansel and Acar (2017) estimate transition probabilities in Türkiye along the for-
mal/informal divide based on the Turkish Income and Living Conditions Survey
(SILC) panel for 2006-2009 . They consider six labor market states: formal-salaried,
informal-salaried, formal self-employed, informal self-employed, unemployed, and
inactive. In the study, Tansel and Acar (2017) estimate four multinomial logit
regression models for formal-salaried, informal-salaried, formal self-employed, and
informal self-employed as initial status. The dependent variable takes the value 0,
if the individual does not change his or her labor market state, and a value from
1 to 5, if it does. The set of explanatory variables contains gender, age, education
level, and marital status as demographic characteristics as well as occupation, sec-
tor of economic activity, firm size, work tenure as employment characteristics of the
individual.
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Begg and Gray (1984) show that consistent parameter estimates of a multinomial
model can be obtained by use of individual logit models. However, it has to be
noted that “by dichotomizing a multinomial variable we ’throw’ away information
in the data, and such an estimator cannot be efficient” (Winkelmann and Boes,
2006, p. 138).

This section presents three different methodologies for estimating employment tran-
sitions within the MikroSim model. First, we consider the original MikroSim em-
ployment model, which includes the lagged labor market status as an explana-
tory variable. Second, a Markovian transition model is estimated. Consequently,
three multinomial models are estimated, each conditioned on the respective em-
ployment status in t − 1. Third, the conditional inference tree algorithm is con-
sidered as a non-parametric model. If not otherwise stated, the models are esti-
mated on the basis of the German Microcensus Scientific Use File of 2014 (RDC
of the Federal Statistical Office and Statistical Offices of the Federal States, DOI:
10.21242/12211.2014.00.00.3.1.0, own calculations).

For the theoretically grounded models, i. e., the multinomial model with the lagged
dependent variable as explanatory variable and the Markovian transitions model, the
variables are selected based on theoretical considerations in close cooperation with
the thematic sub-projects. The full model is specified as follows: The employment
status is used as dependent variable and the variables age, age2, sex (0: male,
1:female), married (0: no, 1: yes), children under the age of 3 (0: no, 1: yes), care
recipient (0: no, 1: yes), employment status in t− 1 (0: employed, 1: unemployed,
2: inactive), in education (0: no, 1 yes), highest grade of education or vocational
training (1: primary, 2: lower secondary, 3: upper secondary, 4: post-secondary,
non-tertiary, 5: bachelor, master, phd), East Germany (0: West Germany, 1: East
Germany), country of birth (0: Germany, 1: other European Union countries, 1:
rest of the world) are considered as explanatory variables. Moreover, the interaction
terms age × sex, age2 × sex, sex × children under the age of 3, and sex × married
are taken into account. If an explanatory variable is not statistically significant at
the 10% level, it is discarded from the model specification. In a step-wise procedure,
each explanatory variable is removed from the model one by one. The final models
(Tables 2.3 and 2.4) are selected based on the AIC.

In the first model (Table 2.3), employment transitions are estimated by including
the employment status of the previous year as explanatory variable (Münnich et al.,
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2021). The dependent variable takes the value 0, if the individual is employed, 1 if
the individual is unemployed, and 2, if the individual is inactive.

Table 2.3: Multinomial logit model for the employment model: LDV

Unemployed Inactive

Age -0.1268∗∗∗ -0.1827∗∗∗

Age2 0.0015∗∗∗ 0.0028∗∗∗

Female -0.9431∗∗∗ -1.1049∗∗∗

Married -0.5877∗∗∗ -0.4308∗∗∗

Children < 3 years 0.2197∗∗∗ 0.2654∗∗∗

Care -1.0285∗∗∗ 1.1556∗∗∗

Lagged dependent variable:
Unemployed in t − 1

4.2425∗∗∗ 3.9875∗∗∗

Lagged dependent variable:
Inactive in t − 1

2.4383∗∗∗ 5.0408∗∗∗

In Education -1.1806∗∗∗ 0.6195∗∗∗

Education: Lower Secondary -0.0899∗∗∗ -0.5650∗∗∗

Education: Upper Secondary -0.5698∗∗∗ -1.2130∗∗∗

Education: Post-Secondary,
Non-Tertiary

-0.7698∗∗∗ -1.3443∗∗∗

Education: Bachelor, Master, PhD -0.9503∗∗∗ -1.8210∗∗∗

East Germany 0.3697∗∗∗ 0.0882∗∗∗

Country of Birth: other EU 0.2911∗∗∗ 0.0189∗∗∗

Country of Birth: rest of the World 0.5674∗∗∗ 0.3259∗∗∗

Age × Female 0.0413∗∗∗ 0.0689∗∗∗

Age2× Female -0.0006∗∗∗ -0.0010∗∗∗

Female × Children < 3 years -0.0997∗∗∗ 1.5607∗∗∗

Female ×Married 0.3764∗∗∗ 0.6883∗∗∗

Intercept -0.7951∗∗∗ -0.6372∗∗∗

Number of observations: 255,206

Residual Deviance: 157,801.3

AIC: 157,885.3

Significance codes: .p<0.1, *p<0.05, **p<0.01, ***p<0.001
Source: RCD of the Federal Statistical Office and Statistical Offices of the Federal States, DOI:
10.21242/12211.2014.00.00.3.1.0, own calculations.
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In the second model (Table 2.4), the transition probabilities for the labor market
status in period t are estimated using three separate multinomial logit models con-
ditional on the employment status in the previous period.

Table 2.4: Multinomial logit model for the employment model: Markovian Transi-
tions

Model Model Model

Employed in t− 1 Unemployed in t− 1 Inactive in t− 1

Unemployed Inactive Unemployed Inactive Unemployed Inactive

Age -0.1736∗∗∗ -0.4356∗∗∗ -0.0152∗∗∗ -0.0669∗∗∗ 0.0079∗ -0.0924∗∗∗

Age2 0.0019∗∗∗ 0.0056∗∗∗ 0.0004∗∗∗ 0.0015∗∗∗ -0.0005∗∗∗ 0.0019∗∗∗

Female -1.0360∗∗∗ -1.6521∗∗∗ 0.7782∗∗∗ 1.4074∗∗∗ -0.5799∗∗∗ -0.6042∗∗∗

Married -0.7353∗∗∗ -0.4014∗∗∗ -0.3655∗∗∗ -0.5424∗∗∗ -0.1245∗∗∗ -0.1169∗∗∗

Children < 3 years 0.2530∗∗∗ 0.4256∗∗∗ 0.1113∗∗∗ 0.3133∗∗∗ 0.3794∗∗∗ -0.0475.

Care -1.9721∗∗∗ 0.3809∗∗∗ -0.3800∗∗∗ 1.2787∗∗∗

In Education -0.1492∗∗∗ 2.2705∗∗∗ -1.0708∗∗∗ 0.9056∗∗∗ -1.3581∗∗∗ 0.7902∗∗∗

Education: Lower Secondary -0.0811∗∗∗ -0.2385∗∗∗ -0.1253∗∗∗ -0.3007∗∗∗ -0.1021∗∗∗ -0.8729∗∗∗

Education: Upper Secondary -0.7911∗∗∗ -0.5260∗∗∗ -0.5663∗∗∗ -0.9505∗∗∗ -0.8955∗∗∗ -1.7579∗∗∗

Education: Post-Secondary,
Non-Tertiary

-1.2446∗∗∗ -0.6239∗∗∗ -0.5727∗∗∗ -1.0099∗∗∗ -0.9694∗∗∗ -2.0038∗∗∗

Education: Bachelor, Master,
PhD

-1.3427∗∗∗ -0.9574∗∗∗ -0.7402∗∗∗ -1.4793∗∗∗ -1.1789∗∗∗ -2.439∗∗∗

East Germany 0.5310∗∗∗ 0.0946∗ 0.0378 -0.1686∗∗∗ 0.5414∗∗∗ 0.1829∗∗∗

Country of Birth: other EU 0.5414∗∗∗ 0.1715∗∗∗ -0.2652∗∗∗ -0.1308∗∗∗ 0.3442∗∗∗ -0.0005

Country of Birth: Rest of
the World

0.6908∗∗∗ 0.4478∗∗∗ 0.1758∗∗∗ 0.2586∗∗∗ 0.4488∗∗∗ 0.2857∗∗∗

Age × Female 0.0525∗∗∗ 0.1101∗∗∗ -0.0530∗∗∗ -0.0449∗∗∗ 0.01716∗∗∗ 0.0360∗∗∗

Age2 × Female -0.0007∗∗∗ -0.0015∗∗∗ 0.0006∗∗∗ 0.0002∗ 0.0001 0.0005∗∗∗

Female × Children < 3 years -0.4855∗∗∗ 2.0558∗∗∗ 0.0489∗∗∗ 1.4109∗∗∗ -0.5838∗∗∗ 1.1112∗∗∗

Female × Married 0.2182∗∗∗ 0.5795∗∗∗ 0.2068∗∗∗ 0.4288∗∗∗ 0.0825∗∗∗ 0.5754∗∗∗

Intercept 0.6164∗∗∗ 3.6236∗∗∗ 0.9278∗∗∗ 1.0525∗∗∗ -0.1589∗∗∗ 3.0326∗∗∗

Number of observations: 177,393 13,999 63,814

Residual Deviance: 59,864.77 28,777.01 64,798.34

AIC: 59,936.77 28,853.01 64,874.34

Significance codes: .p<0.1, *p<0.05, **p<0.01, ***p<0.001
Source: RCD of the Federal Statistical Office and Statistical Offices of the Federal States, DOI:
10.21242/12211.2014.00.00.3.1.0, own calculations.

Additionally to the theoretically grounded models presented above, we also consider
non-parametric conditional inference trees for estimating employment transitions.
We implement the conditional inference tree algorithm using the ctree-function
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from the partykit-package (Hothorn et al., 2006; Hothorn and Zeileis, 2015). How-
ever, due to its complexity, the plot of the conditional inference tree is not suitable
for visualization purposes. An exemplary plot for modeling the employment status
based on age and sex using the conditional inference tree algorithm is shown in
Figure 2.3.

2.4.4 Validation

The importance of theoretically sound models for estimating transition probabili-
ties is often emphasized in the microsimulation literature (Klevmarken, 2008, p. 49;
Münnich et al., 2020, p. 126; McLay et al., 2015). When setting up a statistical
model for microsimulations, it is important to ensure that the model is suitable for
the analysis of the full range of desired scenarios (McLay et al., 2015). The set of
candidate variables is selected based on the following considerations (Klevmarken,
2008, p. 49; Münnich et al., 2020, p. 126; McLay et al., 2015):

• Relevance of the variables for explaining the dependent variable according to
sociological / economic theory

• Availability of the variables in an estimation data set D

• Availability of the variables in the base population of the microsimulation
model Ũ . If the variable does not exist in the base data set Ũ , the data set
can be extended using methods described in Section 2.2.

Internal Validation

The predictive performance of each model is evaluated using stratified 10-fold cross-
validation. The Brier score is used as performance criterion in the 10-fold cross-
validation.
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Figure 2.5: Internal validation: Brier score
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Source: Own calculation.

Figure 2.5 shows that the predictive performance is the best for the conditional
inference tree model, followed by the Markovian transition model. The model with
the lagged employment status as an explanatory variable performs the worst among
the three models compared.

In the case of unbalanced data, the weighted Brier score (Wölwer, 2023, ch. 3) and
an assessment based on all categories separately is recommended for evaluating the
predictive performance. Table 2.5 shows the (mean) Brier scores based on 10-fold
cross-validation.
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Table 2.5: Internal validation: Brier score

Brier scores

Model

Lagged depen-
dent variable

Markovian
transitions

Conditional
inference tree

Brier 0.0789 0.0774 0.0764

Brierw 0.0702 0.0687 0.0683

Brieremployed 0.0414 0.0409 0.0404

Brierunemployed 0.5513 0.5399 0.5392

Brierinactive 0.1121 0.1091 0.1065

Source: Own calculation based on 10-fold cross-validation.

The classical Brier score (Brier), the weighted Brier score (Brierw), as well as
the Brier score calculated separately for all categories of the employment variable
(Brieremployed, Brierunemployed, Brierinactive) lead to the same overall conclusion. The
conditional inference tree algorithm performs best, followed by the Markovian tran-
sition model and the model with lagged dependent variable as explanatory variable.
The Brier score separately for each category shows that all model specifications per-
form best in estimating transitions into employment, i. e., employed to employed,
unemployed to employed, and inactive to employed, with Brier scores ranging from
0.0404 for the conditional inference tree model to 0.0414 for the model with the
lagged dependent variable as the explanatory variable. The Brier score is worst for
estimating transitions to unemployment, ranging from 0.5392 for the conditional
inference tree model to 0.5513 for the lagged dependent variable model. For the
estimation of transitions to inactivity, the Brier score ranges from 0.1065 for the
conditional inference tree model to 0.1121 for the model with the lagged dependent
variable. Thus, based on the internal validation, we choose the conditional inference
tree algorithm for estimating employment transitions because it outperforms both
parametric regression models.

External Validation

The validation process in the MikroSim model primarily involves comparing the sim-
ulated output with external benchmarks, which is referred to as external validation.
We evaluate the predictive performance through external validation by comparing
the output of the MikroSim model with external data at district level. This is jus-
tifiable, as the MikroSim model is not primarily designed for modeling individual
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employment trends, but for analyzing scenarios at regional level. As benchmark
data, we use openly accessible data from INKAR (Bundesinstitut für Bau-, Stadt
und Raumforschung, 2021) at the labor market region level. Labor market regions
are mainly used as spatial unit for labor market analyses. The borders are deter-
mined based on the flow of commuting people, so that the majority of employees in
a labor market region also lives there. The mobility of labor within labor market
regions results in an equalization process of wages, rents as well as product and
service prices (IAB, 2019; Bundesagentur für Arbeit, 2024).

The external validation is conducted using the TAE (2.49), SAE (2.50), and RMSE
(2.48) as quality criteria. The quality measures are calculated based on relative
values of unemployment, employment and inactive people in the risk population.
The years 2011 to 2019 are considered. For this time-span external benchmarks
from INKAR (Bundesinstitut für Bau-, Stadt und Raumforschung, 2021) as admin-
istrative sources is available. Table 2.6 gives an overview of the performance of the
different model specifications based on the quality measures TAE, SAE, and RMSE.

Table 2.6: External validation: TAE, SAE, and RMSE

Labor status Model specification TAE(%) SAE(pp) RMSE (%)

Employed
Model with lagged dependent variable 3.29 0.04 3.68

Markovian transitions 3.00 0.04 3.35

Conditional inference tree 2.86 0.04 3.19

Inactive
Model with lagged dependent variable 2.01 0.11 2.21

Markovian transitions 1.84 0.10 2.02

Conditional inference tree 1.83 0.10 2.02

Unemployed
Model with lagged dependent variable 1.75 0.35 1.81

Markovian transitions 1.65 0.33 1.71

Conditional inference tree 1.45 0.29 1.52
Source: own calculation based on three simulation runs.

The analyzed models perform similarly im terms of TAE, SAE, and RMSE. The
SAE can be used for direct comparisons. Based on the SAE, the models perform
best in predicting employment and worst in predicting unemployment. For em-
ployment, all models have a SAE of 0.04 percentage points (pp). Thus, all models
perform equally well. The difference in the model performance is most pronounced
for predicting unemployment. Even for functionally well specified models, the pre-
dictive performance is quite poor, especially when some states are relatively dense
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or sparsely represented in the data (A. Duncan and Weeks, 1998, p. 151). Overall,
the conditional inference tree slightly outperforms the other models based on the
selected quality measures. Based on the results of the internal and external valida-
tion, we use the conditional inference tree in the following to model the employment
status in the MikroSim model.

2.5 Summary

Based on the methodological differentiation in Section 2.1, we were able to categorize
the MikroSim model as population-based regional discrete-time dynamic microsimu-
lation model. A central element of dynamic microsimulation models is the projection
of the base population into the future. For this reason, it is crucial to capture the
structure at the micro-level, taking into account the multivariate distribution. Var-
ious models can be used to estimate the transition probabilities. Since almost all
microsimulation models are aligned to external benchmarks, the variable selection
and the evaluation of different modeling techniques based on external and internal
validation methods have received less attention in the field of microsimulations. We
presented different modeling strategies for dynamic discrete-time microsimulation
models. Employment transitions were first modeled by including the lagged em-
ployment status as explanatory variable, second, by Markovian transition models,
and third, by using the conditional inference tree algorithm. The evaluation of these
modeling strategies was conducted using the Brier score as an internal validation
measure, and the quality measures SAE, TAE, and RMSE as external validation
measures. We found that the conditional inference tree algorithm achieves the best
results for estimating and simulating employment transitions in the MikroSim model.
However, it is important to note that the development of the MikroSim model and
its underlying modules and models is an ongoing task and that this finding cannot
be generalized. The modeling strategy needs to be re-assessed each time a new
module is added to the microsimulation model.

The decision to focus on the employment module stems from the fact that variables
related to the employment module, in particular, the Frisch labor supply elasticity
plays a central role as link variable to combine micro and macro models. Therefore,
a sophisticated employment module is essential for linking micro and macro models.
Chapter 4 provides a more comprehensive discussion of the role of the employment
variable as a link variable.
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For future research, the change from annual to infra-annual labor market transitions
would allow for further application fields of the MikroSim model. According to
Klevmarken (1997), there are three different methods for integrating a second time
unit. First, several simulation runs can be conducted within a year for the modules
which operate on a shorter time unit, second, a count model can be used which
simulates the number of quarters or months a person is in a specific labor market
status in a year, and third, a continuous time model could be used in order to
simulate the date when a individual enters and leaves a certain state.

In addition, it would be useful to further consider techniques for dealing with im-
balanced data. As a consequence of imbalanced data, biased estimators and thus
high prediction errors may result for the minority class (Rezaei et al., 2021). The
following techniques that have been developed for dealing with unbalanced data sets
could be explored: data sampling, algorithmic modification, cost-sensitive learning,
and ensemble-based methods.

Furthermore, it would be interesting to consider further machine learning approaches
for modeling employment transitions. The implications of integrating machine learn-
ing algorithms in microsimulation models must be taken into account. This is of
particular importance for the thematic sub-projects, as most of the models in the
MikroSim framework have so far been developed based on theoretical considerations
grounded in social sciences with regard to the scenarios to be implemented.



Chapter 3

Behavioral Microsimulation
Models

Behavioral microsimulation models are microsimulation models that include a be-
havioral component, allowing for the analysis of behavioral responses to policy sce-
narios. Policy reforms, such as labor taxation policies or cash transfer programs,
aim at incentivizing individual behavior, particularly labor supply decisions. For
example, foreign professionals in Italy are offered tax incentives so that 90% of their
income is tax-free if they move to Italy, or childcare fees are adjusted to working
hours so that those who work more pay less. However, political instruments can
also have unintended consequences, such as redistributing income or wealth from
the rich to the poor to combat poverty may reduce the incentive to work in response
to a tax increase to finance poverty reduction measures (O’Donoghue, 2021, p. 116).

In order to evaluate the potential impact of reforms, microsimulation models often
integrate behavioral components to account for behavioral responses. According to
O’Donoghue (2021, p. 22), about 33% of dynamic microsimulation models include a
behavioral component. The distinctive feature of behavioral microsimulation models
is their strong economic foundation in combination with extensive empirical data
(Zucchelli et al., 2012).

50
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Common fields of application include (O’Donoghue, 2021, p. 6):

• Transport decisions

• Consumption behavior

• Labor participation and supply.

In the field of transportation, behavioral microsimulation models are used to analyze
the demand for transportation based on the choice of means of transportation. These
models consider travel times, travel costs, time of day, and car ownership (McFadden,
1974; Golob, 1990; Miller, 2014). However, factors that are not directly related to
transportation conditions, such as socio-economic characteristics of transport users,
as well as their habits, attitudes, and values, also influence the choice of transport
mode (Salomon and Ben-Akiva, 1983; Scheiner and Holz-Rau, 2007; Rieser-Schüssler
and Axhausen, 2012; Bai et al., 2020). A number of interesting scenarios could be
considered for the application of behavior-oriented microsimulation models in the
transport sector, e. g., the analysis of the effects of the Deutschland-Ticket or free
public transport as in Luxembourg on the choice of means of transport.

Consumption-based microsimulation models that incorporate a behavioral compo-
nent require the inclusion of expenditure information in the base data set. They
are used to analyze consumption responses to price changes resulting from indirect
tax reforms. Environmental modeling is an emerging area of research in the field of
microsimulation. The structure of microsimulation models that are used to analyze
environmental fiscal policies is similar to that of consumption-based microsimulation
models. The main difference lies in the price changes resulting from policy reforms.
For example, when simulating the effects of a carbon tax, the price changes depend
on the carbon dioxide equivalent. In the context of microsimulation models with an
environmental focus, geo-referenced models are particularly suitable, as the interac-
tion between individuals and the environment is strongly influenced by the location
(O’Donoghue, 2021, p. 19).

However, in the field of microsimulations, the labor market is by far the most com-
mon area that contains a behavioral component. This chapter examines behavioral
labor supply microsimulations and a potential extension of the MikroSim model.
The chapter is structured as follows: Section 3.1 provides an overview of the state
of research on microsimulation models with a behavioral labor supply component.
Section 3.2 presents the methodological basics of behavioral microsimulation mod-
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els, including the concept of utility and random utility models. Additionally, we
discuss conceptual decisions that need to be made in the modeling process. Subse-
quently, Section 3.3 provides an overview of agent-based labor market models and
differentiates them from behavioral models of labor supply. Section 3.4 introduces
the first approach for integrating a behavioral component into the MikroSim model.
Section 3.5 summarizes and gives an outlook to further research.

3.1 Literature Overview

Microsimulation models have been to analyze behavioral responses since the 1980s.
The behavioral component is mainly included in microsimulation models to ana-
lyze the behavioral response to policy reforms that affect the labor supply decision.
Blundell et al. (2000) use a discrete behavioral model of labor supply to analyze
the effects of the introduction of the Working Families’ Tax Credit in the United
Kingdom. They estimate separate discrete labor supply models for single parents
and married couples using the 1995 and 1996 Family Resources Survey. Based on
the estimated model, Blundell et al. (2000) simulate the labor supply effects of the
new policy using the tax-benefit microsimulation model TAXBEN developed by the
Institute for Fiscal Studies. Hoynes (1996) and Keane and Moffitt (1998) conduct
similar analysis for the United States, van Soest and Das (2001) for the Netherlands,
Bonin et al. (2002) for Germany, and Aaberge et al. (1998) for Italy.

In addition to the direct behavioral response of labor supply (and demand) to policy
reforms, social welfare effects are also of great interest. Behavioral microsimulation
models allow for the analysis of welfare implications of various policy scenarios. In
this context, Labeaga et al. (2008) analyze efficiency and welfare effects of income tax
reforms in Spain, accessing social welfare using the equivalent variation. Similarly,
Capéau et al. (2016) evaluate the impact of changes in educational levels on labor
supply in Belgium, while Creedy et al. (2020) analyze labor responses to income
tax reforms in New Zealand and evaluate welfare effects using the compensation
variation. Islam and Flood (2020) introduce a tax-benefit microsimulation model
for Luxembourg. They analyze the transition from joint taxation to individual
taxation and assess the resulting welfare implications.
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Some behavioral microsimulation models also consider the labor demand side in
addition to the labor supply side. The ifo Tax and Transfer Behavioral Microsim-
ulation Model for Germany, for instance, comprises a static tax-benefit model, a
behavioral labor supply component, and a demand model that accounts for labor
demand restrictions (Blömer and Peichl, 2020). Narazani et al. (2023) develop the
multidimensional labor supply-demand microsimulation model EUROLAB, which
covers 27 countries. EUROLAB is a behavioral microsimulation model that is based
on the static tax-benefit model EUROMOD (European Union, 2022). It uses a
discrete choice labor supply model to analyze labor supply behavior and allows to
assess changes in labor market responses as a reaction to tax transfer reforms.

In addition to analyzing labor supply behavior, behavioral microsimulation models
are also used to assess the potential effects of policy reforms on consumption pat-
terns (Creedy, 1999; Decoster and Camp, 2001; Kaplanoglou and Newbery, 2003),
polluting behavior (Hynes and O’Donoghue, 2014), transportation choices (Miller,
2014), and childcare choices (Kornstad and Thoresen, 2007).

3.2 Methodological Basics

Behavioral microsimulation models build on preferences. Preferences are defined as
rankings of all available bundles based on attitudes and values related to the out-
comes of these options. Individuals have preferences over a set of available bundles.
The satisfaction that an individual obtains from a given bundle can be expressed
using a numerical score, i. e., utility (H. R. Varian, 2010, pp. 34f; Schumann et al.,
2011, pp. 78f). The underlying concept is that of a rational decision-making indi-
vidual (Schumann et al., 2011, pp. 103f).

3.2.1 Utility Theory

Utility functions can be differentiated into cardinal and ordinal utility functions.
Cardinal utility functions assign a real number to each bundle of goods and measure
utility in utility units. If a household assigns a utility of 100 to bundle j and a utility
of 200 to bundle k, it means that bundle k yields twice the utility of bundle j for this
household. According to cardinal utility theory, utility differences are quantifiable.
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The underlying concepts of utility functions in the household theory are the following
(Schumann et al., 2011, pp. 51-57):

1. Non-saturation

2. Decreasing marginal utility

3. Decreasing marginal rate of substitution

The concept of non-saturation states that the slope of the utility curve is positive.
This means that consuming more of one good while keeping the consumption of
other goods constant leads to an increase in utility. Gossen’s first law, which is the
principle of decreasing marginal utility, states that the additional utility of a good
decreases as the consumption of that good increases. In the case of two goods, the
indifference curve illustrates the rate at which one good can be exchanged for the
other while maintaining the same level of utility. The marginal rate of substitution
decreases due to the convexity of the indifference curves.

The ordinal utility theory is also based on indifference curves but requires weaker
assumptions. According to the ordinal theory, the utility difference between bundle
j and bundle k cannot be quantified in the example given. It can only be stated that
the household prefers bundle k to bundle j. It is important to note that Gossen’s
first law only applies to cardinal utility functions (Schumann et al., 2011, p. 82).

In order to assign a monetary value to utility, one can determine either the equivalent
variation (Flood and Islam, 2005) or the compensating variation (Bourguignon and
Spadaro, 2006; Labeaga et al., 2008). The two approaches are based on the same
underlying concept. The equivalent variation is a measure of the amount of money
that an individual would require prior to the implementation of a policy in order to
maintain the same level of utility. In contrast, the compensating variation represents
the amount of money necessary after the introduction of a policy to sustain the same
level of utility (Labeaga et al., 2008; H. R. Varian, 2010, pp. 258-262).

Indifference curves describe the preferences of the households. Preferences build on
the following assumptions (Schumann et al., 2011, pp. 80f):

1. Completeness: Individuals have a preference order for all alternative courses
of action they face

2. Transitivity: Individuals make consistent choices

3. Non-saturation: The utility curve has a positive slope
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4. Convexity: The rate of substitution diminishes

5. Reflexivity: Any bundle is at least as good as itself

6. Continuity: A prerequisite for the existence of a utility function.

Preferences can be obtained through stated preferences or revealed preferences.
Stated preferences and revealed preferences are two different approaches to collect
data. In the stated-preferences approach, the interviewer presents the respondents a
series of hypothetical choices and the respondents are asked about their preferences
over the alternatives. A choice experiment is conducted to identify choice-specific
attributes (Greene, 2012, p. 822; O’Donoghue, 2021, p. 118). The stated preference
approach is frequently applied in the field of policy analysis, such as public services
(Schläpfer, 2017), choices of transportation (Hensher, 1994; Arencibia et al., 2015),
and environmental decisions (Tu et al., 2016).

In the revealed-preferences approach, the observed behavior is depicted in the data
but not the alternative choices. Policy analysis can be conducted using either ex-
post or ex-ante methods. Ex-post methods involve comparing a treatment group
with a control group. The treatment group is affected by the policy measure, while
the control group is not. Consequently, the ex-post method can be considered an
actual experiment with control and treatment groups or a natural experiment that
utilizes the natural diversity in the population. Ex-ante methods are based on
simulations with the natural diversity of individual characteristics and choices in
the data (Aaberge and Colombino, 2014).

The use of stated-preferences data has the advantage of including information on
the full choice set and allowing for individual heterogeneity. However, it should be
noted that the data are only hypothetical, which introduces an inherent risk that
individuals may misstate their preferences. In contrast, revealed-preferences data
include actual choices but do not account for individual heterogeneity (Greene, 2012,
p. 822; O’Donoghue, 2021, pp. 118f).

3.2.2 Random Utility Models

Behavioral microsimulation models of labor supply are specified as random utility
models (Labeaga et al., 2008; Barrios et al., 2016; Blömer and Peichl, 2020; Islam
and Flood, 2020; Narazani et al., 2023), which were introduced by McFadden (1973).
Random utility, defined over the available alternatives, provides a theoretical frame-
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work for studying discrete choices (Greene, 2012, pp. 724-726, 801–803). They can
be implemented either as continuous-choice random utility models or as discrete-
choice random utility models. Since the continuous-choice approach may exhibit
problems in obtaining tractable closed form solutions of labor supply functions in
the case of non-linear and non-convex budget sets, the discrete-choice approach (van
Soest, 1995; Aaberge et al., 1995) is favored in the literature (Blundell and Macurdy,
1999; Haan, 2004; Creedy et al., 2006; Zucchelli et al., 2012; Capéau et al., 2016). In
the discrete-choice approach, working hour choices are restricted to a pre-specified
set of discrete possibilities (Bargain et al., 2014).

The random utility model is based on the idea that an individual who faces two
choices k and j will choose the option that results in the greatest utility. However,
the unobserved utilities are not revealed. A linear random utility model for j 6= k

can be represented as (Greene, 2012, p. 724):
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The utility of choice k is denoted as Vk and the utility of choice j as Vj. The in-
dividual’s observable characteristics, denoted by w, the vectors zk, and zj, contain
choice-specific attributes of the two alternatives k and j, respectively. εk and εj

are random terms. Assuming that the identical and independent errors follow an
extreme value Type-I distribution, the random utility model becomes a conditional
logit model (Bourguignon and Spadaro, 2006; Aaberge and Colombino, 2018; Crois-
sant, 2020). For each alternative j, there is an additive stochastic component that
follows an extreme value Type-I distribution. This distribution ensures that the
probabilities are positive and continuous in the parameters. The error terms can
be regarded as unobserved alternative-specific utility components or errors in the
perception of the utility of the alternatives (van Soest et al., 2002).

Individuals reveal their preference ranking through the choices they actually make.
Let y(t)

i = 1 indicate the individual’s choice of alternative k. Therefore, we can
infer from yi = 1 that U (t)k
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i . The probability of choosing alternative k over

alternative j is given as (Greene, 2012, p. 725):
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The difference between the multinomial logit and the conditional logit models is
linked to the distinction between the stated-preferences model and the revealed-
preferences model (Hoffman and G. Duncan, 1988; Croissant, 2020). Thus, the
multinomial model is a reduced-form model, while the conditional logit model is a
structural model. In the multinomial logit model, the explanatory variables depend
on the characteristics of the individual, whereas in the conditional logit model,
the explanatory variables depend on choice-specific variables (O’Donoghue, 2001,
p. 145). Therefore, the multinomial logit is also known as the “characteristics of the
chooser” approach, while the conditional logit model is referred to as the “charac-
teristics of the alternative” approach (Hoffman and G. Duncan, 1988, p. 415).

The conditional logit model focuses on the set of alternatives and is based on the
stated-preferences approach. In the stated-preferences approach, individuals are
asked about their preferences for the different available alternatives, resulting in a
data set with information about the entire choice set. This means that, if the labor
supply model is based on a conditional logit model, it is necessary to obtain infor-
mation about each leisure-consumption combination. The multinomial logit model,
which focuses on the individual, is based on the revealed-preferences approach, i. e.,
the actual choice observed in the data. Preferences are derived directly from ob-
served behavior (Hoffman and G. Duncan, 1988; O’Donoghue, 2021, p. 118).

The random utility model can be extended to the random utility random opportunity
(RURO) model (Capéau et al., 2016). Beyond the willingness to trade-off leisure for
consumption, the RURO model takes into account other non-observable attributes
influencing the decision on the number of working hours. Examples of factors that
may influence the availability of jobs include societal relevance, task difficulty, as
well as health and safety considerations. The RURO model acknowledges that job
opportunities and non-market activities are not equally accessible to all individuals
and depend on personal and job-related characteristics. For further information on
the RURO model, see Capéau et al. (2016).

In microsimulation models, alignment methods are crucial for ensuring the credibility
of the model (see Section 2.2.4). For random utility models, it is necessary to
replicate actual choices based on residuals drawn from the assumed distribution,
while following the theoretical framework in order to ensure consistency between the
simulation and the benchmark data. For this purpose, O’Donoghue (2021, pp. 131-
133) proposes to derive unobserved residuals for the simulation.
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The conditional logit model assumes that the error term ε follows a standard Gumble
(Type-I, extreme value) distribution with the following density function (Greene,
2012, p. 802):

f
(
ε

(t)k
i

)
= exp

(
− exp

(
−ε(t)k

i

))
. (3.3)

As noted above, it is assumed that utility is maximized for the actual choice j, with
j 6= k. Therefore, the following relationship should hold:
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The error terms can be generated using different approaches. O’Donoghue (2021,
pp. 131-133) proposes a computationally fast method for obtaining the error terms
ε

(t)
i in one iteration. Let the error terms ε(t)j

i take the extreme value distribution of
the following shape (O’Donoghue, 2021, p. 133):
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with u being a uniform random number. The error term ε
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Given (3.5), this is equivalent to randomly drawing a uniform random number
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For more information on the derivation of unobserved residuals, we refer to O’Donoghue
(2021, pp. 131-133).
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3.2.3 Labor-Supply-Choice Modeling

The random utility model of labor supply represents consumption-leisure prefer-
ences using a utility function with fixed costs. We use a quadratic utility function
following Keane and Moffitt (1998), as it is a popular choice in the field of behavioral
microsimulation models due to its ability to model complex interactions (Bargain
et al., 2014; Barrios et al., 2016; O’Donoghue, 2021, p. 129). In a discrete labor
supply model, utility increases with income and the second-order derivative of in-
come with respect to leisure is positive. Therefore, the quadratic utility function is
quasi-concave.

In modeling labor supply choice, the quadratic utility function typically uses the
following variables as explanatory variables (O’Donoghue, 2021, p. 129):

• Disposable income

• Quadratic disposable income

• Leisure of male partner

• Leisure of female partner

• Quadratic leisure of male partner

• Quadratic leisure of female partner

• Leisure interacted with individual-specific attributes, such as age and number
of children.

Individual-specific attributes do not vary between the choice attributes and would
drop-out of the probability of an individual selecting a specific choice. However,
individual-specific attributes are likely to affect labor-supply choice. Therefore, these
attributes are interacted with a choice-varying variable to serve as taste shifters. The
fixed costs of working are modeled as dummy variable (O’Donoghue, 2021, p. 129).

The deterministic utility U of a couple i at discrete choice j = 1, ..., J is given as
(Bargain et al., 2014):

Uij =αcicij + αccc
2
ij + αhfih

f
ij + αhmih

m
ij + αhff

(
hfij
)2

+ αhmm
(
hmij
)2

(3.9)

+ αchfcijh
f
ij + αchmcijh

m
ij + αhmhfh

f
ijh

m
ij − η

f
j · 1

(
hfij > 0

)
− ηmj · 1

(
hmij > 0

)
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with household consumption cij, spouses’ work hours hfij and hmij and fixed costs η.
For reasons of style, the time index t is omitted in the following.

In the case of single individuals, the equation reduces to:

Uij =αcicij + αccc
2
ij + αhihij + αhh (hij)2 + αchcijhij (3.10)

− ηj · 1 (hij > 0) .

The coefficients on consumption and hours worked are defined as (Bargain et al.,
2014):

αci = α0
c + Zc

iαc + ui (3.11)

αhfi = α0
hf + Zf

i αhf

αhmi = α0
hm + Zm

i αhm.

The coefficients are assumed to vary with taste-shifters Zi. The coefficient on con-
sumption αci can also include unobserved heterogeneity εi.

The budget set is determined by a finite number of disposable incomes and their
corresponding discrete hour choices (Creedy et al., 2006). Disposable income is
calculated as a function of earnings wihij, non-labor income yi, and household/indi-
vidual characteristics xi for each labor supply choice. For couples, disposable income
is calculated as (Bargain et al., 2014):

cij = f
(
wfi h

f
ij, w

m
i h

m
ij , yi, xi

)
, (3.12)

and for singles, it is calculated as:

cij = f (wihij, yi, xi) . (3.13)

3.2.4 Conceptual Issues

In order to estimate labor-supply functions, certain modeling decisions must be
made. These decisions include selecting the population of interest, such as the
working-age or prime working-age population, and determining whether to include
self-employed individuals, civil servants, and people with disabilities. Exclusions can
be made for various reasons. For self-employed individuals, working hours are often
not precisely recorded. Civil servants cannot be dismissed easily and may have
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different options for working hours compared to other occupational groups, and
individuals with disabilities may have special working conditions. It is also crucial
to determine whether to incorporate individuals who are currently unemployed, as
it might be argued that job seekers do not voluntarily choose to be unemployed
(O’Donoghue, 2021, p. 125).

Several modeling strategies are available. The choice is between the continuous labor
supply model and the discrete-choice model. In the continuous labor supply model,
the labor supply is linear, quadratic, or semi-logarithmic, while in discrete-choice
models, a quadratic, transcendental logarithmic, or generalized Stone-Geary utility
function is used (Bargain et al., 2012). If the labor-supply choice is modeled using the
discrete-choice model, predetermined intervals for hours worked must be established.
The choice of hours worked intervals directly affects the complexity of the simulation.
Assuming there are m available hour choices for each person, this results in m2

choices for couples. Once the intervals have been defined, the counterfactual hours
worked are sampled from the hours in the hours band (O’Donoghue, 2021, p. 125).

The availability of counterfactual choices is essential for modeling labor-supply
choices. Determining the potential labor income of unemployed individuals in the
event of employment and the out-of-work income of employed individuals in the
event of unemployment is often a challenge. However, in microsimulations with an
income module, it is possible to change the individual’s characteristics in order to
simulate counterfactual choices. Microsimulation models typically capture only one
income component, such as labor income or total disposable income, without dis-
tinguishing between individual labor components. It can therefore be problematic
to distinguish between unemployed and inactive individuals based on the wage-and-
hours framework.

3.3 Excursus: Agent-Based Models of Labor Mar-
kets

Modeling of labor-supply choices is similar to agent-based models of labor supply.
In the following, we provide a brief introduction to agent-based models, with a
focus on those related to labor supply, and highlight the differences between these
approaches.
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Agent-based models typically consist of three elements (Michel et al., 2009; Macal
and North, 2010):

• Agents

• Interactions

• Environment.

Agents are autonomous and proactive decision-makers who interact with each other
and the environment. The environment includes information on the agents’ location
and may also include details such as groundwater levels or infrastructure. Thus,
the environment restricts the actions of the agents (Macal and North, 2010). For
examples of agent-based models of labor markets, see Richiardi (2004), Neugart
(2008), Blanchet et al. (2009), and Kant et al. (2020).

Agent-based models of labor markets are based on search theory and consider both
the supply side and the demand side. The search theory focuses on the behavior of
unemployed individuals who receive job offers, including wage, that they can either
accept or reject in order to wait for an alternative job offer. The theory can be
extended to include inactive and employed individuals. Individuals who are not
currently employed decide whether or not to enter the labor market, while those
who are employed decide whether to remain in their current position, seek new
employment opportunities, or exit the labor market (Devine and Kiefer, 1991).

We introduce the central components of agent-based models of labor markets us-
ing the newly developed WorkSim model (Kant et al., 2020) as an example. The
model includes two types of agents: individuals and private firms. The environment
is complex and comprises job advertisements, a statistical institute that provides
information labor market tension, and a public sector that recruits people. Addi-
tionally, WorkSim takes into account the institutional framework. The WorkSim
model extends the search approach by:

• Matching workers and employers through bilateral meetings. Both individuals
and firms can prefer to match to a bad match.

• Multi-job firms have the option to offer either fixed-term contracts or perma-
nent contracts.

• Search and other costs, such as search costs of replacement and psychological
costs.
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Each simulation run consists of four steps. First, firms decide on the creation and
destruction of jobs and assess the employees through evaluations. Second, individ-
uals decide whether to enter or leave the labor market or to change jobs. Third,
firms receive applications, select candidates and possibly hire them. If the firm de-
cides to hire an internal candidate, the process is called internal promotion. Fourth,
household dynamics, retirement, and aging are simulated.

The fundamental difference between agent-based models and dynamic microsimula-
tion models is that agents act autonomously and interact with other agents and the
environment. In agent-based models, actions and interactions between the agents
are of primary interest, while in dynamic microsimulation models, interactions are
only incorporated indirectly, if at all (Michel et al., 2009; Kim and Hammond, 2021,
pp. 22f; Schmaus, 2023, p. 20).

3.4 Application: Labor-Supply-Choice Modeling
in the MikroSim Model

Labor market behavior, or more precisely labor supply, is one of the most important
areas for behavioral analysis in the area of microsimulations (O’Donoghue, 2021,
p. 16). No attempt has yet been made to implement a dynamic behavioral mi-
crosimulation model of labor supply into the MikroSim model to analyze behavioral
responses of labor supply to policy reforms. In the following, we present an ex-
tension of the MikroSim model presented in Section 2.4. The extension transforms
the MikroSim model from an arithmetic microsimulation model into a behavioral
microsimulation model. Using this extended model, we analyze the impact of a 1%
wage increase on the supplied hours of work. The extended MikroSim model enables
the analysis of changes in individual behavior in response to policy reforms. The
underlying assumption is that individuals aim to maximize their utility. The be-
havioral microsimulation model allows the ranking of individuals’ attainable states
of affairs using the ordinal utility approach. Additionally, we assess the impact of
proposed changes in monetary units based on the utility function.
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3.4.1 Extension of the MikroSim Model

The MikroSim model is a non-behavioral microsimulation model. It can be cate-
gorized as a data-driven discrete-time dynamic microsimulation model that aims to
capture micro-level structures while taking into account the multivariate distribu-
tion (Münnich et al., 2021). Non-behavioral models are also known as arithmetic
models (Bourguignon and Spadaro, 2006).

The extension of the MikroSim model with the addition of a behavioral labor supply
module enables the investigation of further research questions, particularly those
related to the behavioral responses of individuals to changes in public policy. In
a behavioral model, alterations in individual behavior are driven by policy shifts.
Consequently, the policy parameters must have a direct or indirect impact on the
model (Li, 2011, p. 34). To incorporate behavioral labor supply, the base data
set must include information on supplied hours worked and wages. Therefore, the
MikroSim model is extended with the modules for hours worked and unemployment
benefits. Additionally, the income module is modified to reflect labor income. The
changes made to the extended MikroSim model, compared to the original MikroSim
model as depicted in Figure 2.4, are shown in Figure 3.1 with dashed lines.



3.4. APPLICATION: LABOR-SUPPLY-CHOICE MODELING 65

Figure 3.1: Module sequence in the extended MikroSim Model
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Source: Own illustration based on Münnich et al. (2021).

There are two alternatives for introducing hours worked into the MikroSim model.
The first option builds on full-time employment being defined as working between 35
and 40 hours. The number of hours worked for full-time workers is randomly drawn
within this interval. Then, the wage rate per hour is determined based on the
resulting full-time income. The number of hours worked in part-time employment
can be derived from the wage rate per hour and the resulting income.

The second option is to estimate labor supply as a function of personal charac-
teristics such as the presence of children in the household, wage, or age follow-
ing O’Donoghue (2021, p. 129). The supplied hours worked for employed people
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is estimated based on the German Microcensus Scientific Use File 2014 (RCD of
the Federal Statistical Office and Statistical Offices of the Federal States, DOI:
10.21242/12211.2014.00.00.3.1.0, own calculations) with normal working time per
week in hours (in intervals) as dependent variable and age, age squared, net income
from labor, occupational status (1: self-employed, 2: state employee, 3: employee,
4: worker, 5: rest), full-time/part-time work, in education (0: no, 1: yes), presence
of children under 3 years in the household (0: no, 1: yes), sex (0: male, 1: female),
and country of birth (0: Germany, 1: other European Union countries, 1: rest of
the world) as independent variables.

The normal working time per week in hours is discretized. The following intervals
are available:

y
(t)
i =



1 if individual i’s normal weekly working time is between 1 and 10 hours

2 if individual i’s normal weekly working time is between 11 and 20 hours

3 if individual i’s normal weekly working time is between 21 and 30 hours

4 if individual i’s normal weekly working time is between 31 and 40 hours

5 if individual i’s normal weekly working time is between 41 and 50 hours

6 if individual i’s normal weekly working time is between 51 and 60 hours

7 if individual i’s normal weekly working time is more than 60 hours

Within the hours group, the counterfactual hours choice can be obtained using
one of three options: (1) fixed hours, (2) uniformly sampled hours from a fixed
interval, or (3) hours sampled from the observed distribution (Narazani et al., 2023).
To obtain counterfactual choices, we choose to sample from the ten-hours band
following the observed distribution in the German Microcensus Scientific Use File
2014 (Statistisches Bundesamt (Destatis) and Gesis, 2018). Unemployed individuals
are also assigned a positive number of hours worked by uniformly sampling from the
interval [1, 5]. It is assumed that the individual uses this number of hours, for
example, for participation in re-training or motivational activities (Narazani et al.,
2023).

In the MikroSim model, unemployment benefits are deterministically added based
on an individual’s employment history. We differentiate between Unemployment
Benefit 1 and Citizens’ Basic Income. Unemployment Benefit 1 is granted to eligible
individuals who meet specific conditions. Individuals must:
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1. be unemployed, but able to work at least 15 hours per week in an occupation
that requires the payment of social security contributions

2. register as job seekers with the responsible Employment Agency

3. actively search for employment and cooperate with the Employment Agency

4. fulfill the qualifying period.

The Unemployment Benefit 1 amounts to 60% of the net income of the previous
12 months. If the unemployed person or his or her partner has at least one child,
the Unemployment Benefit 1 increases to 67% of the net income of the previous 12
months (Federal Employment Agency, 2023).

The Citizens’ Basic Income is determined according to the standard rates. Since
January 1, 2023, single individuals and single parents receive a monthly payment of
502 euro per month (regular payment level 1), while couples and joint households
receive 451 euro per person per month (regular payment level 2). Adults under 25
years of age who are not employed and live with their parents receive 402 euro per
month (regular payment level 3). Individuals aged 14 to 17 receive 420 euros per
month (regular payment level 4), children aged 6 to 13 receive 348 euro per month
(regular payment level 5), and children up to the age of 5 years receive 318 euro per
month (regular payment level 6). An overview of the normal requirement according
to paragraph 28 of volume XII of the Social Insurance Code (SGB XII) can be found
in Table 3.1.
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Table 3.1: Normal requirement according to paragraph 28 SGB XII in euro

Valid from
Regular payment

Level 1 Level 2 Level 3 Level 4 Level 5 Level 6

1 January 2011 346 328 291 287 251 215

1 January 2012 374 337 299 287 251 219

1 January 2013 382 345 306 289 255 244

1 January 2014 391 353 313 296 261 229

1 January 2015 399 360 320 302 267 234

1 January 2016 404 364 324 306 270 237

1 January 2017 409 368 327 311 291 237

1 January 2018 416 374 332 316 296 240

1 January 2019 424 382 339 322 302 245

1 January 2020 432 389 345 328 308 250

1 January 2021 446 401 357 373 309 283

1 January 2022 449 404 360 376 311 285

1 January 2023 502 451 402 420 348 318
Regular payment level 1: Single individuals / parents
Regular payment level 2: Couples, per partner / joint households
Regular payment level 3: Adults under 25 years not in employment in parental household
Regular payment level 4: Young persons aged 14-17
Regular payment level 5: Children aged 6-13
Regular payment level 6: Children aged 0-5

The income module in the extended MikroSim model largely corresponds to the
income module described in Münnich et al. (2021). It simulates the net income
of individuals and households. Net income is defined as the sum of all income.
The model is estimated based on the German Microcensus 2011 to 2014 (RDC of
the Federal Statistical Office and Statistical Offices of the Federal States, DOI:
10.21242/12211.2011.00.00.1.2.1 to 10.21242/12211.2014.00.00.1.2.1, own calcula-
tions). In the behavioral microsimulation with labor supply, income components
are of particular importance. In our case, the focus is on the wage rate. Therefore,
the income module is modified in order to simulate labor income. Since labor in-
come is not directly included in the Microcensus, we approximate it by excluding
all observations with income sources other than labor income. The following income
sources are available in the Microcensus: Public pensions, survivors’ pensions, own
pension, public payments and other income. Other income includes assets/interest,
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life insurance/private pension insurance, renting/leasing, and private support. By
excluding these income components, the labor income can be approximated by the
net income for the remaining cases. The wage rate is determined using the informa-
tion on hours worked and labor income. Based on the obtained wage rate, the labor
income is determined for all counterfactual choices. Alternatively, labor income can
be approximated by estimating the model only for the people, who earn the majority
of their living from own employment.

The base data set must cover all possible choices at time s, which requires extending
it to include each person of interest eight times. The eight options are: unemployed,
working less than 11 hours per week, between 11 and 20 hours per week, between
21 and 30 hours per week, between 31 and 40 hours per week, between 41 and 50
hours per week, between 51 and 60 hours per week, and more than 60 hours per
week. It is assumed that the actual choice is the choice that yields the highest
utility. The potential wages of individuals who are not employed are not observable,
which often poses a challenge for modeling labor supply choice (O’Donoghue, 2001,
p. 126). The advantage of the MikroSim model is that it allows for the simulation
of potential labor income for unemployed individuals if they were employed. This
makes the MikroSim model an ideal tool for conducting counterfactual simulations.
By changing the status of originally unemployed individuals in the employment
module from unemployed to employed, it is possible to determine an income for
those who are actually unemployed.

Unemployed individuals are those who are available and actively seeking work, while
inactive individuals are those who are either unavailable or not seeking work. There-
fore, the appropriate treatment of unemployed individuals is ambiguous. It could
be argued that being unemployed is not a voluntary choice. Therefore, some anal-
yses exclude this group, while most include them, e. g., Narazani et al. (2023) and
O’Donoghue (2021, p. 125). We choose to include unemployed individuals as well.

3.4.2 Analysis of Income Incentives on Labor Supply Choices

Behavioral responses are often analyzed using a combined dynamic and static mi-
crosimulation model (Merz, 1993). The base population is projected up to 2019
using the MikroSim model. Then, the base population is augmented with the vari-
ables hours worked and unemployment benefits. The MikroSim model needs to
be adapted to incorporate counterfactual choices, allowing the preferences of indi-
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viduals to be revealed through their labor choices. The resulting MikroSim base
population contains each individual of the population of interest eight times. All
possible labor supply choices per person are included in the base population, i. e.,
seven hours choices plus one out-of-work state are available:

• Not working

• In-work (1-10, 11-20, 21-30, 31-40, 41-50, 51-60, > 60 hours)

Singles have a total of eight different hour choices, while couples are assumed to
maximize a joint utility function, with each combination of the two hour categories
of each partner being a separate category. This results in 64 categories for couples.

In the MikroSim model, the income model is designed to simulate total net income.
It does not contain any information on the individual income components. There-
fore, it is not possible to consider predicted wages along with other sources of family
income, as done in Narazani et al. (2023), among others. Consequently, parental
allowances, for example, cannot be attributed to inactive individuals on parental
leave. Thus, the employment module in the adapted MikroSim model distinguishes
mostly between unemployed and employed individuals.

Within the framework on a static microsimulation, the supplied hours of work in
the baseline scenario is compared with the hours supplied in response to a 1% wage
increase for singles and partners. To estimate the choice model, a structural model
with explanatory variables that are a function of choice-specific variables is used
(O’Donoghue, 2021, p. 145). For singles, the explanatory variables include leisure,
leisure2, labor income, labor income2, and in-work fixed effects. Moreover, the model
considers the interaction terms leisure × sex, leisure × age, leisure × age2, income
× leisure, leisure × education, and leisure × child category, where the variable child
category has the following values (1: no children, 2: between one and two children,
3: three and more children). Table 3.2 presents the a conditional logit model for
the employment model for singles in the city of Trier.
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Table 3.2: Conditional logit for the employment model: Singles

Estimate Std. Error z value Pr(>|z|)
Leisure 4.2490 0.0446 95.201 0.0000 ***
Leisure2 -0.1088 0.0011 -103.341 0.0000 ***
Labor Income 0.0002 0.0000 11.232 0.0000 ***
Labor Income2 0.0000 0.0000 -2.650 0.0080 **
In-Work Fixed Effect -3.5320 0.0446 -84.690 0.0000 ***
Labor Income ×
Leisure

0.0000 0.0000 -5.353 0.0000 ***

Leisure × Child Category:
Between 1 and 2 children

0.0918 0.0167 5.495 0.0000 ***

Leisure × Child Category:
More than 2 children

0.0215 0.0914 2.350 0.0188 *

Leisure × Sex 0.1428 0.0039 36.560 0.0000 ***
Leisure × Education:
Lower Secondary

-0.0557 0.0119 -4.6900 0.0000 ***

Leisure × Education:
Upper Secondary

-0.2147 0.0113 -21.752 0.0000 ***

Leisure × Education:
Post-Secondary, not Tertiary

-0.3044 0.0125 -24.358 0.0000 ***

Leisure × Education:
Bachelor, Master, PhD

-0.3219 0.0116 -27.683 0.0000 ***

Leisure × Age -0.0224 0.0010 -21.546 0.0000 ***
Leisure × Age2 -0.0003 0.0000 22.553 0.0000 ***
Number of observations: 36,789

Significance codes: .p<0.1, *p<0.05, **p<0.01, ***p<0.001
Source: Own calculation based on the MikroSim model.

For partners, the following explanatory variables are included: male leisure, female
leisure, male in-work fixed effect, female in-work fixed effect, labor income, labor
income2 , male leisure2 , female leisure2, male leisure × female leisure, labor income
× male leisure, labor income × female leisure, male leisure × child category, male
leisure × education, male leisure × age, male leisure × age2, female leisure × child
category, female leisure × education, female leisure × age, and female leisure × age2.
Table 3.3 presents the conditional logit for the labor-supply model for partners in
the city of Trier.
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Table 3.3: Conditional logit for the employment model: Partner

Estimate Std. Error z value Pr(>|z|)
Male Leisure 4.5190 0.0711 63.528 0.0000 ***
Female Leisure 3.1720 0.0562 56.481 0.0000 ***
Male In-Work Fixed Effect -5.4050 0.0983 -54.996 0.0000 ***
Female In-Work Fixed Effect -1.2830 0.0446 -27.765 0.0000 ***
Labor Income 0.0002 0.0000 10.330 0.0000 ***
Male Leisure2 -0.1340 0.0018 -74.014 0.0000 ***
Female Leisure2 -0.0790 0.0012 -64.439 0.0000 ***
Labor Income2 0.0000 0.0000 -1.333 0.18260
Female Leisure ×
Male Leisure

-0.0005 0.0013 -0.409 0.6824

Labor Income ×
Male Leisure

0.0000 0.0000 -4.861 0.0000 ***

Labor Income ×
Female Leisure

0.0000 0.0000 0.607 0.5437

Male Leisure × Child Category:
Between 1 and 2 children

-0.0321 0.0310 -1.035 0.3005

Male Leisure × Child Category:
More than 2 children

-0.0358 0.1861 0.192 0.8476

Male Leisure × Education:
Lower Secondary

-0.0904 0.0193 -6.387 0.0000 ***

Male Leisure × Education:
Upper Secondary

-0.2331 0.0182 -16.813 0.0000 ***

Male Leisure × Education:
Post-Secondary, not Tertiary

-0.2728 0.0273 -13.394 0.0000 ***

Male Leisure × Education:
Bachelor, Master, PhD

-0.3271 0.0180 -21.318 0.0000 ***

Male Leisure × Age 0.0018 0.0003 5.276 0.0000 ***
Female Leisure × Child Category:
Between 1 and 2 children

0.0502 0.0273 1.837 0.0662 .

Female Leisure × Child Category:
More than 2 children

0.2288 0.2060 1.110 0.2669

Female Leisure × Education:
Lower Secondary

-0.1258 0.0197 -18.442 0.0000 ***

Female Leisure × Education:
Upper Secondary

-0.3057 0.0182 -16.813 0.0000 ***

Female Leisure × Education:
Post-Secondary, not Tertiary

-0.3633 0.0197 -18.442 0.0000 ***

Female Leisure × Education:
Bachelor, Master, PhD

-0.3971 0.0186 -21.318 0.0000 ***

Female Leisure × Age -0.0007 0.0003 2.515 0.0119 *
Number of observations: 14,362

Significance codes: .p<0.1, *p<0.05, **p<0.01, ***p<0.001
Source: Own calculation based on the MikroSim model.
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The simulation of a policy change is a relatively straightforward process when coun-
terfactual options are available. The estimated models (Tables 3.2 and 3.3) allow
to determine the new utility level for all available choices and to identify the best
choice given the new policy scenario for singles and partners, respectively. Table 3.4
provides an overview of the labor-supply patterns for single individuals and partners
in the city of Trier before and after the wage increase.

Table 3.4: Simulation of a 1% increase in the wage rate

Singles Partner

Baseline Reform Baseline Reform

Work more hours 0.03% 0.06%

Work less hours 0.01% 0.01%

Work equal hours 99.96% 99.93%

Change in utility +0.01% +0.01%

Compensating variation (in euro) -893,003.30 -800,593.30

Average hours worked 35.03 35.04
female: 28.52 female: 28.53

male: 38.92 male: 38.93

Costs of reform 1,065,124.00 879,279.90
Source: Own calculation based on the MikroSim model.

The reform affects the working age population and leads to an increase in utility.
However, most affected individuals do not change their behavior in response to a
1% increase in wages. Only a few individuals supply more working hours. The
average number of hours worked increases in response to the wage increase for both
singles and partners. The compensating variation, i. e., the monetary value in euro
an individual needs to reach their initial utility, is negative for both singles and
partners. Despite the increase in utility, the costs of the reforms outweigh the
benefits.

The ability to convert utility into monetary values based on the behavioral model
allows for the possibility of a cost-benefit analyses. These types of analyses are used
particularly for environmental cost-benefit analyses and in the field of legal decision
making.
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3.5 Summary

In Chapter 3, we provided the methodological basics for behavioral microsimula-
tion models. We gave an overview of utility theory and differentiated between the
stated-preferences approach and the revealed-preferences approach. Moreover, we
introduced random utility models and dealt with conceptual issues.

The decision to include a behavioral component into the microsimulation model
depends mainly on the scenario to be analyzed. Moreover, the availability of ap-
propriate data also influences the modeling choice. Behavioral models are used to
analyze potential behavioral responses to policy changes and can provide impor-
tant insights into unintended consequences of reforms (O’Donoghue, 2021, p. 115).
The main fields of application include: labor market analysis, transportation mode
decisions, and consumption behavior.

In the field of microsimulation models, behavioral components are mainly introduced
to analyze labor supply behavior (O’Donoghue, 2021, p. 16). Behavioral microsim-
ulation models allow, for example, to model behavioral changes in response to tax
reforms or to changes in the wage rate. In particular, the modeling of responses
to wage increases is an important prerequisite for obtaining the Frisch labor supply
elasticity. In the context of labor market analyses, the Frisch labor supply elasticity
plays an important role as link variable for the sequential linking of micro and macro
models as it allows to establish a coherent link between both models.

The analysis of behavioral responses in the field of microsimulation models is mainly
conducted as a combination of dynamic and static microsimulation. We projected
the base population into the future and extended the MikroSim model by modules
of supplied working hours and employment benefits in order to analyze the effects
of a 1% increase of wages on the supplied working hours. Using the city of Trier as
an example, we found that a small increase in wages does not have a large impact
on hours worked. For the majority of people, the best choice, i. e., the choice with
the highest utility, after the wage increase is to supply the same number of hours as
before the wage increase. It is also possible to assign a monetary value to the change
in utility and to perform cost-benefit analyses. We found that the cost of a 1% wage
increase outweighs the benefit based on the compensation variation. In evaluating
the results of the application, it is essential to consider the experimental nature of the
application. The income module in the MikroSim model is of paramount importance
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for policy analysis. Further development of the model, particularly with regard to
the inclusion of diverse income components, will allow to investigate further research
question in relation to policy reforms, such as tax reforms.



Chapter 4

Linking Micro and General
Equilibrium Models

Microsimulation is a quantitative tool that is used to model complex phenomena
based on micro data, such as individuals and households. It promotes a compre-
hensive understanding of the population (Burgard et al., 2020a). Microsimulation
models employ a partial equilibrium analysis, focusing on micro-units, while hold-
ing the rest of the economy constant (McKenzie, 1989, p. 1; Peichl, 2016). It is
assumed that the coefficients of the model, on which the transition probabilities are
based, are constant over time. This implies that the population is in a steady state
and that the transition probabilities are independent of the scenario to be analyzed
(Bourguignon and Spadaro, 2006, p. 96f). In contrast, general equilibrium mod-
els consider the economy as a whole at an aggregate level (Burfisher, 2016, p. 12;
Gardenete et al., 2017, p. 7). The focus is on the performance of economies.

The combination of micro models and general equilibrium models is the most com-
plex type of integration between micro and macro models. The objective is to
combine the strengths of both models in a meaningful way. It is therefore essential
that the models are coherent. The link between the models introduces an additional
layer of complexity, increasing both the development costs and the transparency
requirements (Spielauer, 2007).

There are different approaches to link micro and macro models. These include, on
the one hand, the incorporation of the micro model into the macro model and, on
the other hand, the combination of two distinct models, linked by appropriate link
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variables. In this chapter, Section 4.1 provides a literature overview on linking micro
and macro models. Section 4.2 gives an overview of structural models, which are
frequently employed to link macroeconomic models with microsimulation models.
Section 4.3 provides the methodological foundation for establishing a coherent link
between micro and macro models. This section introduces the bottom-up approach,
the top-down approach, as well as the combination of both, the top-down bottom-up
approach. Moreover, we present the Frisch labor supply elasticity as a potential link
variable. Section 4.4 links the MikroSim model with the classical Ramsey model.
Section 4.5 provides a summary and outlook on further research in this area.

4.1 Literature Overview

Building on the seminal work of Adelman and Robinson (1978) for Korea and Lysy
and Taylor (1980) for Brazil, many CGE models have been combined with micro
models. Since the early 2000s, there has been considerable research on linking micro
and macro models to analyze the distributional impacts of macroeconomic policies.
The most common application involves combining CGE models with static behav-
ioral microsimulation models to analyze the distributional effects of trade policies,
see e. g., Savard (2003), Hérault (2007), Hérault (2009), and Lay (2010). According
to Colombo (2010), the trend towards linking micro and macro models can be at-
tributed to the fact that two perspectives are important for analyzing poverty and
inequality in developing countries: First, a microeconomic focus to obtain a detailed
and precise information of income and/or expenditure at the micro-level, as well as
to model behavioral responses to policy changes. Second, a macroeconomic focus,
since economic policies often have structural effects on the economy.

Robilliard et al. (2008) analyze the impact of the 1997 Indonesian financial crisis
on poverty and inequality by combining a behavioral microsimulation with a CGE
model. The study utilizes wage and employment as link variables between the be-
havioral microsimulation model and the CGE model. The microsimulation model is
based on a sample of approximately 10,000 households from the savings-investment
module of the 1996 Indonesian national socio-economic household survey. The sur-
vey includes variables on occupation and income sources. The CGE model is based
on a Social Accounting Matrix (SAM). A SAM contains all transactions between
economic agents for a specific period of time. It extends the Input-Output Table by
mapping the complete flow of income in the economy. SAMs are commonly used as
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data input for CGE models (Mainar-Causapé et al., 2018).

Savard (2003) draws on the microsimulation literature and analyzes the impact of
trade and fiscal policies on the poverty and income distribution in the Philippines.
He uses a CGE model to generate a price vector and a microsimulation model at the
household level to determine the consumption and labor supply of households. These
variables are then used to calibrate the CGE model. The procedure is repeated until
some convergence criteria is met.

Hérault (2007) follows a similar approach. He investigates the effects of trade lib-
eralization on poverty and income inequality in South Africa by combining a static
behavioral microsimulation model with a CGE model. The microsimulation model
is based on 26,000 households from the Income and Expenditure Survey and the
2000 Labour Force Survey. Hérault combines a static behavioral microsimulation
model with a CGE model. The microsimulation model simulates new labor market
decisions in response to changes in individual characteristics as a result of macroe-
conomic changes estimated in a CGE model. The CGE model is based on the 2000
South African SAM with 43 sectors and four production factors. Producers maxi-
mize profits subject to the production technology and households maximize utility
given their budget constraint. The government has no objective function. Hérault
(2007) proceeds as follows: In a first step, the removal of tariffs is simulated using
the CGE model. The macroeconomic model returns the economy after the shock.
Prices, return from capital and labor as well as employment levels estimated by the
CGE model are used to link the microsimulation model and the macro model. In a
second step, the changes in these variables due to the removal of tariffs are passed
to the microsimulation model. The new prices are used to calculate household-
specific consumer price indices. For the variables return from capital and labor,
and employment levels, the transmission is more complex. This is because the CGE
model returns macro data. Thus, the micro model has to be adjusted to meet the
macroeconomic benchmarks from the CGE model. Unlike Savard, both models are
executed only once.

Hérault (2007) combines a behavioral microsimulation model with a CGE model,
while Hérault (2009) performs the same simulation with a non-behavioral microsimu-
lation model combined with a re-weighting approach. The non-behavioral microsim-
ulation is not based on an econometric model but on a detailed representation of the
tax and transfer system. The difference between the two studies lies in the transmis-
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sion of employment changes to the microsimulation model. Re-weighting generates
new weights to meet the population benchmarks of selected variables, with mini-
mal deviation from the initial weights. The new sample weights reflect changes in
the macroeconomic variables. In contrast to the behavioral microsimulation, which
allows the analysis of changes at the individual level, the re-weighting approach
preserves the initial status of the household members.

Lay (2010) combines a behavioral microsimulation with a CGE model. He analyzes
the impact of trade liberalization on poverty in Brazil and the impact of the Bolivian
Gas Boom on poverty. The focus is on developing countries and a short to medium
time horizon. The compatibility of the microsimulation income module with the
labor market formulation plays a key role in combining both models, as wages and
sectoral employment are used as link variables. In the analysis, Lay (2010) illustrates
the importance of individual heterogeneity for the analysis of macroeconomic shocks.

CGE models are by far the most common macroeconomic models that are used to
link microsimulation models and macroeconomic models. However, some studies
also combine other macroeconomic models with microsimulation models, such as
DSGE models (Barrios et al., 2016) and VAR models (Barrios et al., 2022). The
choice of the macroeconomic model depends on the research question.

Barrios et al. (2016) conduct a dynamic scoring analysis of tax reforms for Euro-
pean countries, considering both first- and second-order effects. They combine the
microsimulation model EUROMOD and the DSGE model QUEST. Dynamic scor-
ing techniques are used to assess the impact of alternative fiscal policy reforms,
taking into account the effect on the economy as a whole. EUROMOD is a static
tax-benefit microsimulation model that covers the Member States of the European
Union. It employs the European Statistics on Income and Living Conditions (EU-
SILC) survey and national SILC surveys to simulate individual tax liabilities and
social benefit entitlements consistent with the regulations prevailing in each Member
State (European Union, 2022). Barrios et al. (2016) extend the EUROMOD model
to include a labor supply model and link the extended EUROMOD model to the
European DSGE model QUEST. The QUEST model is employed by the European
Commission for the purpose of analyzing fiscal and structural reforms in EU Mem-
ber States. It encompasses behavioral responses in macroeconomic variables within
an open economy framework, thereby extending the scope of EUROMOD, which
assesses the impact of a particular tax reform.



4.1. LITERATURE OVERVIEW 80

The combination of EUROMOD and QUEST is achieved through the introduction
of tax policy shocks in QUEST. These shocks are obtained using EUROMOD as a
basis for computing changes in the implicit tax rates. Furthermore, the elasticity of
labor supply and non-participation rates by skill category in QUEST are calibrated
using the values derived from EUROMOD extended by an estimated labor supply
function. The labor market elasticities are crucial to achieve consistency (Barrios et
al., 2016). The procedure is as follows: First, labor supply elasticities and the non-
participation rate are obtained based on EUROMOD. Second, the QUEST model
is calibrated for the country of interest, the euro area, and the rest of the world.
Third, the impulse responses for employment, gross real wages, and the consumer
price index derived from the QUEST model are used as inputs to the microsimulation
model to obtain medium-term projections of tax revenues, contributions, benefits,
and disposable income. Barrios et al. (2022) follow a similar approach as Barrios
et al. (2016). They conduct a real-time dynamic scoring exercise by combining the
EUROMOD model with VAR estimates of macro responses. VAR models are more
suitable for short-term policy analysis compared to structural macro models and
require less assumptions. Moreover, they provide a high degree of flexibility.

Recently, there has been particular interest in analyzing the distributional impacts
of environmental reforms using linked micro-macro models. Böhringer et al. (2019)
investigate whether environmental taxes have regressive effects by linking a CGE
and a microsimulation model. The study assesses the impacts of revenues from
green taxes, which are redistributed lump-sum to Spanish households on an equal
per capita basis. They analyze the potential of a double or triple divided through
green tax reforms: (1) improving the environment, (2) reducing the overall excess
burden of the tax system, and (3) alleviating involuntary unemployment.

In addition to the sequential approach, there are also attempts to link micro and
macro models by integrating the micro model into the macro model, i. e., the rep-
resentative household of the macro model is replaced by the households from the
microsimulation model. Gross and Poblacò (2017) develop a fully integrated micro-
macro model based on an Integrated Dynamic Household Balance Sheet to assess
the efficacy of borrower-based instruments. The model comprises six modules: (1)
the GVAR, (2) the logit model for estimating transition probabilities for the employ-
ment status of household members, (3) the employment status simulator, (4) the
household balance sheet simulator, (5) the counterfactual macroprudential policy
simulations, and (6) the link to balance sheets.
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4.2 Structural Models

Microsimulation models can be linked to various macroeconomic models, with the
choice of macroeconomic model depending on the research question to be analyzed.
Structural models are macroeconomic models that are grounded in economic theory.
The term structural model refers to explicit assumptions about the market micro-
structure in the economy, the constraints faced by agents, and the functional form
of their objectives (Kilian and Lütkepohl, 2017, p. 187).

4.2.1 Ramsey Model

The classical Ramsey model can be classified as neo-classical growth model. It repre-
sents the most basic dynamic general equilibrium model (Heer and Maussner, 2009,
p. 4). The following illustration of the Ramsey model is based on Heer and Mauss-
ner (2009, ch. 1) and DeJong and Dave (2011, ch. 3.1). The economy is assumed
to consists of many identical households. Economic analyses are carried out based
on the concept of a representative household. The household strives to maximize
utility U from leisure l(t) and consumption c(t) chosen at time t. The discounted
utility is given by:

max
c(t),l(t)

U =
∞∑
t=0

β(t)u(c(t), l(t)), (4.1)

where β(t) ∈ (0, 1) denotes the subjective discount factor at time t and U() an
instantaneous utility function. The continuum of goods is defined by the unit interval
[0, 1]. Leisure l(t) is defined as l(t) = 1− h(t). h(t) has two interpretations: Either it
is interpreted as hours of work or as the number of employed individuals.

The household uses its production technology to produce a single good y(t) according
to:

y(t) = z(t)f(k(t), h(t)) (4.2)

with k(t) and h(t) being physical capital and labor, respectively and z(t) denoting a
productivity or technology shock. In each period, the household is endowed with
one unit of time for labor and leisure activities:

1 = h(t) + l(t). (4.3)
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The products produced at time t can be consumed or invested:

y(t) = c(t) + i(t) (4.4)

with i(t) being the quantity that is invested. Thus, physical capital at time t + 1
evolves according to:

k(t+1) = i(t) + (1− δ)k(t), (4.5)

where δ ∈ (0, 1) gives the depreciation rate.

The household’s optimization problem is to maximize (4.1) subject to (4.2)-(4.5).
Thus, the household faces two trade-offs. On the one hand, the household faces a
trade-off between consumption and saving and, on the other hand, the household
faces a trade-off between labor and leisure as higher labor productivity results in
higher opportunity costs of leisure (DeJong and Dave, 2011, p. 23).

The functional forms of the utility function U(·) and the production function f(·)
as well as the productivity or technology shock z(t) must be specified to allow for
quantitative economic analyses. For the specification of the utility function the con-
stant relative risk aversion (CRRA) form is widespread. The instantaneous utility
function of the CRRA form is given by (DeJong and Dave, 2011, p. 21):

U(c(t), l(t)) =

((
c(t)
)φ (

l(t)
)1−φ

)1−ϕ

1− ϕ , (4.6)

where ϕ > 0 denotes the coefficient of relative risk aversion and defines the intertem-
poral elasticity of substitution. The importance of leisure in relation to consumption
is determined by φ ∈ (0, 1).

Alternatively, different utility functions, such as logarithmic utility can be assumed.
The logarithmic utility is a special case of CRRA utility, with ϕ = 1:

U(c(t), l(t)) = φ log c(t) + (1− φ) log l(t). (4.7)

The Cobb-Douglas production function is of the following form (DeJong and Dave,
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2011, p. 22):

y(t) = z(t)
(
k(t)

)α (
h(t)

)1−α
, (4.8)

where α ∈ (0, 1) indicates the importance of capital in relation to labor in the
production process. It is assumed that the logarithm of z(t) follows a first-order
autoregressive AR(1) process (DeJong and Dave, 2011, p. 22).

4.2.2 Computable General Equilibrium Models

CGE models are most frequently used to link micro and general equilibrium models.
In contrast to the one-sector Ramsey model, CGE models are multi-sectoral models.
They are economy-wide models that feature the entire economy and the interactions
between the different sectors. For this reason, they are applied to simulate the im-
pacts of policy changes on the economy as a whole and the various sectors (Perman
et al., 2011, p. 279). CGE models illustrate the process of resource allocation in
a market economy as the consequence of the interaction between supply and de-
mand, resulting in equilibrium prices. The fundamental elements are represented
by equations that depict the behavior of the following economic agents: consumers,
producers, and the government. These agents demand or supply goods, services,
and factors of production as a function of their respective prices. In general equi-
librium models, the prices that lead to the clearing of all markets are determined
and the resulting resource allocation an income distribution are established. The
price mechanism is a powerful tool for addressing complex trade-off problems. The
decisions of economic agents with regard to economic activities are informed by the
prevailing price information in the markets. Many economic theories are built on
the optimization behavior of economic agents subject to resource and technology
constraints, with market prices serving as a signal. Households seek to maximize
their utility subject to their budget constraints, while firms endeavor to maximize
their profits subject to the constraints of their production technology. The solutions
to these optimization problems result in the demand and supply curves. Markets
achieve an equilibrium between demand and supply by adjusting prices (Hosoe et
al., 2010, pp. 1f).

CGE models were introduced by Johansen (1960). Originally, the models were
developed as single country models. They are characterized by the fact that the
behavior of the agents is explicitly identified (Dixon and Jorgenson, 2013, p. 1).
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The models are grounded in microeconomic theory combined with empirical data
(Madden, 2020, p. 4). Four types of simulations can be distinguished (Dixon and
Jorgenson, 2013, p. 3):

• Historical

• Decomposition

• Forecast

• Policy.

Historical simulations provide up-to-date data and estimate trends in exogenous but
unobservable variables. Decomposition simulations focus on historical episodes and
embed policy impacts into historical context. Forecast simulations provide baselines
that combine historical simulations and expert forecasts. Policy simulations analyze
the impact of policies in comparison to a baseline simulation.

In recent years, a significant number of CGE models have incorporated a regional
component, reflecting an increasing interest in regional effects of national shocks,
regional developments, and regional (natural) disasters (Dixon and Wittwer, 2004;
Thissen, 2004; Rose and Liao, 2005; Giesecke et al., 2012). Regional CGE models
are either regional disaggregations attached to national CGE models, multi-regional
models of the national economy, or stand-alone models of single regions with re-
gional elasticities borrowed from national CGE models (Giesecke and Madden, 2013,
pp. 393, 434).

4.2.3 Dynamic Stochastic General Equilibrium Models

DSGE models are similar to CGE models. The main difference between CGE and
DSGE models lies in their respective treatment of agent optimization. While CGE
models operate within a deterministic environment, DSGE models operate within a
stochastic environment, reflecting the influence of inherent uncertainties, commonly
expressed as random shocks.
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DSGE models are a system of nonlinear expectational difference equations, which
describe the economy (DeJong and Dave, 2011, p. 4). They comprise (DeJong and
Dave, 2011, pp. 9f):

• Structural shocks

• Exogenous state variables

• Endogenous state variables

• Control variables

• Expectation errors.

DSGE models build on a rigorous micro-foundation. The structure is invariant
to policy interventions (Kilian and Lütkepohl, 2017, p. 177). Thus, DSGE models
address the Lucas critique (Lucas, 1976), which, in summary, states that “given
that the structure of an econometric model consists of optimal decision rules of
economic agents, and that optimal decision rules vary systematically with changes
in the structure of series relevant to the decision maker, it follows that any change in
policy will systematically alter the structure of econometric models” (Lucas, 1976,
p. 41). This only holds, if the log-linearized equilibrium conditions are an accurate
representation of reality and some parameters are treated as deep parameters (Galí,
2015, p. 6). If the parameters are not policy-invariant, they change in response to a
policy change, leading to in potentially misleading conclusions.

DSGE models are business cycle models that abstract from secular growth. Con-
sequently, DSGE models should only be evaluated using data at business cycle
frequencies. Often, observed macroeconomic data fluctuate at higher or lower fre-
quencies, leading to a discrepancy between model data and actual data. Therefore,
in most cases, both actual and simulated data are transformed to isolate the varia-
tion in business cycle frequencies. Three common approaches for the removal of the
trend are: detrending, differencing, and filtering. All approaches aim at converting
the data into mean-zero covariance-stationary stochastic processes with time invari-
ant second moments. In order to achieve covariance stationarity, the removal of the
trend is required. Typically, deterministic detrending and Hodrick-Prescott filtering
of the seasonally adjusted data, or differencing and Hodrick-Prescott filtering are
applied. However, other forms of filtering can also be considered (DeJong and Dave,
2011, pp. 116, 119). For further information on removing trends and isolating cycles,
see DeJong and Dave (2011, ch. 6).
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DSGE models can be divided into two broad classes: Real business cycle (RBC) and
New Keynesian models. While having different policy implications, key components
of New Keynesian models can also be found in RBC models (Galí, 2015, p. 5).

Real Business Cycle Models

The development of RBC theory can be attributed to Kydland and Prescott (1982)
and Prescott (1986). These papers made both methodological and conceptual con-
tributions to the field of macroeconomics. The methodological contribution includes
the assumption of rational behavior, the emphasis of quantitative macroeconomics,
namely calibration, simulation, and evaluation of models, as well as a general shift
towards DSGE models as a foundation for macroeconomic analysis. The concep-
tual contribution is threefold: First, economic fluctuations are best understood as
the optimal response of a perfectly competitive, frictionless economy to stochastic
exogenous variations. Second, productivity variation drives fluctuations in the busi-
ness cycle. Third, it is abstracted from monetary policy (Kydland and Prescott,
1982; Prescott, 1986; Galí, 2015, ch. 1).

The RBC model is based on DeJong and Dave (2011, ch. 3.1) and follows Kydland
and Prescott (1982). The Kydland-Prescott economy is characterized by a represen-
tative household that has an infinite life span and values consumption and leisure.
It maximizes its present and expected future utility:

max
c(t),l(t)

U = E0

∞∑
t=0

βtU(c(t), l(t)) (4.9)

with β(t) ∈ (0, 1) being the discount factor at time t and E0 the expectations oper-
ator given information at time 0. The functional form of the contemporary utility
function is that of CRRA (4.6). The household obtains utility from consumption
c(t) and leisure l(t).

The household is endowed with one unit of time. It values leisure and consump-
tion. To finance its consumption, the household engages in remunerative activities.
Consequently, time is distributed between leisure and labor:

1 = l(t) + h(t). (4.10)
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The household produces a single good y(t) using physical capital k(t) and labor h(t):

y(t) = z(t)f
(
k(t), h(t)

)
(4.11)

with f(·) as a production function with constant returns to scale. z(t) denotes
the productivity, which is the driving force of economic fluctuations. Productivity
evolves according to a AR(1) process:

log
(
z(t)

)
= (1− ρ) log (z̄) + ρz log

(
z(t−1)

)
+
(
ε(t)
)z
. (4.12)

The parameter ρ(t) ∈ (−1, 1) is the persistence parameter at time t. The error term(
ε(t)
)z

is normally distributed with mean 0 and variance σ2
z .

The production function is assumed to be Cobb-Douglas:

y
(
ε(t)
)z

= z(t)
(
k(t)

)α (
h(t)

)1−α
(4.13)

with α ∈ (0, 1) indicating the capital’s share of output and k(t) being defined as

k(t+1) = i(t) + (1− δ)k(t). (4.14)

The resource constraint

y(t) = c(t) + i(t) (4.15)

indicates that the labor and good market clear in equilibrium, i. e., output is either
consumed or invested.

The basic RBC model can be extended to include search frictions according to
Diamond (1982), Mortensen (1982) and Pissarides (1985). The firm wants to hire
unemployed workers. Therefore, it advertises vacancies.

New Keynesian Models

New Keynesian models are based on RBC theory and have become the workhorse
model for analyzing monetary policy, fluctuations, and welfare. However, there are
some important differences to the RBC theory. In particular, the key differences
between New Keynesian models and RBC model are that New Keynesian models
are characterized by (Galí and Gertler, 2007; Galí, 2015, pp. 5f):
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• Imperfect competition, i. e., each firm produces a differentiated good and acts
as price setter

• Price and wage stickiness, i. e., only a fraction of firms/workers (possibly rep-
resented by unions) can adjust prices/wages in a given period

• Non-neutrality of monetary policy in the short run. Due to nominal rigidities,
the real interest rate depends not only on the short-term nominal interest rate
set by central banks but also on future expectations of the households. Thus,
the real interest rate is subject to variations, which influences consumption
and investment decisions, and consequently output and employment.

4.3 Methodological Basics

The idea to link micro and models has existed almost as long as the individual
models have been available as stand-alone models. Various approaches have emerged
to link micro and macro models. From a microsimulation perspective, the most
straightforward approach is the top-down approach. In the top-down approach, the
results of a macro model are used as input in the micro model. Since almost all
microsimulation models are aligned (see Section 2.2), the microsimulation model
can be calibrated to the results from the macro model. Alternative approaches to
link micro and macro models are the bottom-up approach and the combination of
the top-down and bottom-up approach, which is called the top-down bottom-up
approach. In the following, we present the three different approaches for linking
micro and macro models in more detail. Furthermore, we explain the purpose of
link variables with particular emphasis on the Frisch elasticity of labor supply and
point out methodological challenges. The objective is to establish a coherent link
between micro and macro models.

4.3.1 Approaches for Linking Micro and Macro Models

In order to link micro and macro models, sequential and integrated approaches can
be distinguished (Colombo, 2010; Bourguignon and Bussolo, 2013, pp. 1387-1394;
Peichl, 2016; Teichmann, 2016). In the sequential approach, both the micro and
macro models are initially constructed independently. Consequently, it is possible
to develop highly sophisticated micro and macro models. The connection between
the two models is established through the use of link variables. Link variables are
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variables that are available in both models and can therefore be used to establish a
link between both.

The following approaches belong to the sequential approach:

• Top-down approach

• Bottom-up approach

• Top-down/bottom-up approach.

Figure 4.1 illustrates the top-down approach. In this approach, the macro model is
executed initially to simulate the macroeconomic policy or shock. Subsequently, a
microsimulation is conducted, which incorporates the simulated changes to analyze
the impacts of the macroeconomic policy or shock at the micro-level (Colombo,
2010; Peichl, 2016; Teichmann, 2016).

Figure 4.1: The top-down approach
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Source: Own illustration based on Peichl et al. (2010) and Colombo (2010).

Figure 4.2 depicts the bottom-up approach. In contrast to the top-down approach,
which integrates information from the macro into the micro model, the bottom-up
approach integrates information from the micro model into the macro model. After
aggregating individual changes in the link variables, they are used as input to the
macro model to analyze overall changes in the economy (Bourguignon and Bussolo,
2013).

Figure 4.2: The bottom-up approach
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Source: Own illustration based on Peichl et al. (2010) and Colombo (2010).
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Figure 4.3 shows the top-down bottom-up approach. As the name implies, it com-
bines the top-down and bottom-up approaches. It attempts to overcome consistency
problems between the micro and macro model by using a transmission channel be-
tween the two models. Simulated changes from the macro model are integrated into
the micro model and aggregated results from the micro model are used as input to
the macro model. The models are run iteratively until convergence (Colombo, 2010;
Peichl, 2016; Teichmann, 2016).

Figure 4.3: The top-down bottom-up approach
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Source: Own illustration based on Colombo (2010).

The integrated approach is less commonly used to combine micro and macro models.
In this approach, the number of representative agents in the macro model is increased
up to the number of households in the micro data. The representative agent in the
macro model is substituted by real households. Consequently, this approach requires
the availability of a sophisticated database and high effort in the construction of
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the model. In contrast to the sequential approach, the integrated approach does
not contain a microsimulation model as such. This is because the micro-units are
directly integrated into the macro model (Colombo, 2010; Bourguignon and Bussolo,
2013, pp. 1393f; Peichl, 2016; Teichmann, 2016).

4.3.2 The Frisch Labor Supply Elasticity as Link Variable

The concept of elasticity was first introduced in the field of economics by Alfred
Marshall in 1890 (Marshall, 2013). The elasticity gives the ratio of the relative
percentage change of a dependent variable a to the relative percentage change of an
independent variable b (Schumann et al., 2011, p. 73; H. R. Varian, 2010, p. 275):

ηab = ∆a/a
∆b/b . (4.16)

The labor supply elasticity is defined as the relative percentage change in supplied
working hours as a response to a relative percentage increase in wage, holding con-
stant the marginal utility of wealth (King and Rebelo, 1999, p. 975; Peterman, 2016).
The concept was proposed by Frisch (1959). It is also known as Frisch elasticity or
λ-constant elasticity. The term λ refers to the wealth effect (King and Rebelo, 1999,
p. 975). The Frisch labor supply elasticity characterizes the labor market behavior
in economic models and is the key parameter for assessing the impact of fiscal policy
changes. Thus, the Frisch elasticity plays a crucial role in economic modeling.

The Frisch labor supply elasticity can be separated into the extensive and intensive
elasticities. The extensive margin is defined as fluctuations in employment, while
the intensive margin is defined as changes in hours worked. The (weighted) sum
of the extensive and intensive labor supply elasticity gives the aggregate labor sup-
ply elasticity (Cho and Cooley, 1994). In representative agent models, the Frisch
elasticity is calculated as the (weighted) sum of the intensive and extensive margin
(Chetty et al., 2011; Kelly and Warren, 2015, p. 250; Peterman, 2016). Note that
macro studies often do not explicitly separate the Frisch labor supply elasticity into
the extensive and intensive margin (Chetty et al., 2011). If not noted otherwise, we
refer to the aggregated Frisch labor supply elasticity.

The Frisch labor supply elasticity can be interpreted as the willingness to work in
response to a change in wage. If the wage is increased by 1 %, the labor supply
changes by more than 1 % in absolute value, indicating that the labor supply is
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elastic. Conversely, if the elasticity is less than 1 in absolute value, the labor supply
is inelastic. If the elasticity is exactly 1, the labor supply is unit elastic (H. R.
Varian, 2010, p. 276). The impact of a change in wage rates on labor supply can
be decomposed into two effects: an income effect and a substitution effect. The
income effect explains the downward-sloping part of the labor supply curve, while
the substitution effect accounts for the upward-sloping part. The income effect
occurs when a wage increase raises the opportunity costs of leisure. This, in turn,
leads to an increase in the number of hours worked. The substitution effect occurs
when a wage increase reduces the opportunity costs of leisure. This, in turn, leads to
a decrease in the number of hours worked. The extent to which this occurs depends
on individual preferences. If the income effect outweighs the substitution effect, a
wage increase may result in a decrease in labor supply (O’Donoghue, 2021, pp. 9f).

In macroeconomic models, the labor supply elasticity is typically set between 1
and 4 (Shimer, 2009). This implies that a 1 % change in the wage rate results
in a 1 % to 4 % change in supplied hours worked, assuming a minimal impact on
wealth. This is the case for a temporary change in wage (King and Rebelo, 1999,
p. 975). Consequently, the labor supply is considered to be unit elastic or elastic in
macroeconomic models. Kydland and Prescott (1982) argue that the Frisch elasticity
must exceed 3 in neoclassical growth models to depict business cycle fluctuations.
King and Rebelo (1999, p. 975) assume a labor supply elasticity of 4 in their basic
real business cycle model. Ramey (2021, p. 227) also assumes a highly elastic labor
supply behavior and sets the labor supply elasticity to 4. Cho and Cooley (1994)
analyze the impact of different labor supply elasticities and calibrate the labor supply
elasticity to be between 0.36 and 4. In their realistic setting, they use a labor supply
elasticity of 1.29. Blanchard and Galí (2007) and Basu and House (2016, p. 324)
choose a labor supply elasticity of 1 in their New Keynesian model. Smets and
Wouters (2007) do not calibrate the labor supply elasticity but estimate a labor
supply elasticity of 1.9 based on macroeconomic data.

The highly elastic labor supply behavior is inconsistent with microeconomic evi-
dence. Using micro data, the Frisch labor supply elasticity varies between 0 and
more than 1 for the intensive margin. For the extensive margin, it lies within a nar-
rower interval (Chetty et al., 2013; Peterman, 2016; Whalen and Reichling, 2017).
In the 1980s, the microeconomic literature on labor supply modeling focused on the
continuous labor supply model. Kaiser et al. (1992) use the continuous labor supply
model to estimate the Frisch labor supply elasticity for the intensive margin for West
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Germany based on the 1983 wave of the Socio-Economic Panel. The elasticity is
estimated to be -0.004 for married men and 1.04 for married women.

Based on the 2000 wave of the Socio-Economic Panel, Bonin et al. (2003) estimate
a discrete-choice model of household labor supply for Germany. They simulate both
the Frisch labor supply elasticity for the intensive margin and the Frisch labor supply
elasticity for the extensive margin. Overall, they find that the labor supply effect
is very moderate. The Frisch labor supply elasticity for the extensive margin is
estimated at 0.019 for married men and 0.020 for married women. The Frisch labor
supply elasticity for the intensive margin is estimated at 0.021 for married men and
0.027 for married women.

Steiner and Wrohlich (2004), Wrohlich (2004), and Haan and Steiner (2005) also
obtain an inelastic Frisch labor supply elasticity. A discrete-choice model for married
couples is estimated based on the 2002 wave of the Socio-Economic Panel. Steiner
and Wrohlich (2004) find that the Frisch labor supply elasticity for the extensive
margin is 0.15 for men and 0.16 for women. Wrohlich (2004) indicates that the Frisch
labor supply elasticity for the extensive margin is 0.09 in East Germany and 0.13 in
West Germany. Haan and Steiner (2005) state that the Frisch labor supply elasticity
for the extensive margin is 0.13 for both men and women. For the intensive margin,
Steiner and Wrohlich (2004) estimate a Frisch labor supply elasticity of 0.24 for men
and of 0.41 for women. Wrohlich (2004) obtain a Frisch labor supply elasticity of
0.21 for women in East Germany and of 0.38 in West Germany. Haan and Steiner
(2005) estimate a Frisch labor supply elasticity of 0.20 for men and 0.35 for women.

Bargain et al. (2010) also consider demand-side constraints and estimate a discrete-
choice model of labor supply based on the 2003 wave of the Socio-Economic Panel.
In the unconstrained model, the Frisch labor supply elasticity is estimated to be
0.150 for married women and 0.1580 for married men for the extensive margin, and
0.351 for married women and 0.207 for married men for the intensive margin. For
unmarried individuals, the Frisch labor supply elasticity for the extensive margin is
0.197 for women and 0.226 for men, while for the intensive margin it is 0.267 for
women and 0.300 for men.

In the constrained model, the simulated Frisch labor supply elasticities for the ex-
tensive and intensive margins are slightly lower. For married women, Bargain et al.
(2010) estimate a Frisch labor supply elasticity for the extensive margin of 0.122,
while for married men the value is 0.067. The Frisch labor supply elasticity for the
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intensive margin is 0.316 for married women and 0.117 for married men. For single
women, the elasticity is 0.069 for the extensive margin and 0.104 for the intensive
margin. For single men, the elasticity for the extensive margin is 0.083 and for the
intensive margin it is 0.152.

The existing literature on estimated Frisch labor supply elasticities based on mi-
crodata indicates that estimates were higher in studies conducted in the 1980s and
1990s compared to more recent studies. Bargain and Peichl (2013) analyze whether
this decline in elasticity can be attributed to changes in preferences over time or
to changes in methodology. The authors suggest that the decline can be explained
by the time period and the estimation method, namely whether a time continuous
model of labor supply or a discrete-choice model of labor supply is used. For a com-
prehensive overview of micro estimates of Frisch labor supply elasticities in Europe,
we refer to Blundell (1995) and Bargain et al. (2012).

There are several possible explanations for the discrepancy between micro and macro
estimates of the Frisch labor supply elasticity. One possible explanation is that the
differences are due to to indivisible labor (G. D. Hansen, 1985; Rogerson, 1988).
When labor is indivisible, changes in the wage rate can lead to significant changes
in aggregate hours, even if the impact on hours worked conditional on employment is
small (Chetty et al., 2013). However, Chetty et al. (2013, p. 26) argue that indivisible
labor can only explain part of the difference and that “[e]ven with indivisible labor,
models that require a Frisch elasticity of aggregate hours above 1 are inconsistent
with micro evidence”.

An alternative explanation is provided by Peterman (2016). He argues that the
discrepancy between micro and macro estimates of the Frisch labor supply elasticity
is due to differing definitions. The micro Frisch labor supply elasticity focuses on
prime-aged married males, whereas the macro Frisch elasticity represents the entire
population. Furthermore, the micro Frisch labor supply elasticity incorporates only
the intensive margin, whereas the macro Frisch labor supply elasticity encompasses
both the intensive and extensive margin. Peterman (2016) finds that estimating the
intensive and extensive margin for prime-aged married males based on micro data
yields estimates of the Frisch labor supply elasticity between 2.9 and 3.1.

In general, the elasticity is highly dependent on the definition. Other factors such
as the availability of alternative sources of income, the level of non-labor income
and the availability of alternatives can also affect the value of elasticity (Ljungqvist
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and Sargent, 2007; Ljungqvist and Sargent, 2011). Ljungqvist and Sargent (2007)
show that including unemployment benefits in the analysis of labor supply results
in low employment levels compared to the benchmark data. Social benefits, such as
unemployment insurance and social security programs, can be regarded as subsidies
to leisure (Rogerson, 2007).

4.3.3 Methodological Challenges

The objective of linking microeconomic and macroeconomic models is to exploit
the respective strengths of both models. Nevertheless, certain methodological chal-
lenges must be addressed. It has long been agreed that data from aggregate series
must be consistent with individual data, since macro aggregates represent the sum
of individual data (Prescott, 1986). Consequently, it seems reasonable to use the
same share parameter in micro and macro studies. The Frisch labor supply elastic-
ity determines the impact of a change in income, whether through monetary shocks
or fiscal measures, on labor supply and is mainly employed as link variable in la-
bor market analyses. However, empirical evidence indicates that micro and macro
estimates of the Frisch labor supply elasticity exhibit considerable differences (see
Section 4.3.2). Therefore, the identification of appropriate link variables is very
important and poses a challenging task.

One of the most relevant questions is that of aggregation. Among others, Savard
(2003) and Colombo (2010) argue that if the aggregated behavior of the micro-units
corresponds to the representative household from the macro model, the linked micro-
macro model does not provide any additional value. Consequently, the micro and
the macro models are performed iteratively until a converging solution is obtained
in the sequential approaches. However, it is essential to ensure consistent modeling
of link variables in both models (Barrios et al., 2016).

The microsimulation models, in contrast to the macroeconomic models, are partial
equilibrium models usually including only one type of agents, for example individuals
or households (Peichl, 2016). The perspective of micro models differs from that of
macro models and the combination of both may exhibit both empirical as well as
theoretical shortcomings. In the field of labor market analysis, for instance, economic
agents in macro models change their behavior in response to relative price changes,
whereas in microsimulation models, labor market behavior is typically represented
in a reduced form in which prices do not appear as explanatory variables (Lay,
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2010; Lay, 2018). For a comprehensive overview of theoretical as well as empirical
shortcomings of linked micro-macro models, we refer to Lay (2010) and Lay (2018).

4.4 Application: Linking the MikroSimModel and
the Ramsey Model

Micro and macro models can be linked using different approaches, as shown in
Section 4.3.1: The integrated approach and the sequential approach, including the
top-down approach, the bottom-up approach and the top-down bottom-up approach
can be employed. Each of these approaches requires the following decisions:

• Type of micro model

• Type of macro model

• Suitable link variables.

In the following, we present the top-down approach and the top-down bottom-up
approach as the most relevant approaches for linking micro and macro models from
a microsimulation perspective. In Section 4.4, we link the extended MikroSim model
with a Ramsey model using the top-down bottom-up approach. A description of
the extended MikroSim model can be found in Section 3.4.1. This application is an
experimental statistics in the research and development stage.

The MikroSim microsimulation model is linked to a Ramsey model in order to further
develop the MikroSim model with regard to policy consultation. The combination
of both models allows for a general equilibrium analysis of policy reforms, taking
advantage of the strengths of both the micro and the macro model. The MikroSim
model serves as micro model, the Ramsey model as macro model, and employment
variables as link variables.

Linking micro and macro models requires the availability of appropriate link vari-
ables. In order to establish a coherent link between the MikroSim model and the
Ramsey model, we focus on the Frisch labor supply elasticity. The Frisch labor
supply elasticity is estimated based on the updated base population of the mi-
crosimulation model, which can then be used to calibrate the macro model. The
estimation of models using the base population Ũ as the estimation data set D to
address a research question represents a novel approach in the context of region-
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alized microsimulation models in Germany. No attempt has yet been made to use
the base population at the individual level to estimate regression models for further
analyses. Instead, the analysis of scenarios was based on aggregated results from
regionalized microsimulations for Germany.

The foundations for estimating the Frisch labor supply elasticity are laid down in
Chapter 3. In Section 3.5, we present the effect of a 1% increase in wage on sup-
plied hours worked for the city of Trier. This approach is then applied to determine
the Frisch elasticity for Germany as a whole. As the MikroSim model is a region-
alized microsimulation model and due to the associated computational costs, the
labor supply choice is estimated separately for each federal state. The random util-
ity approach, which is based on the stated preferences approach, results in a base
population that includes each single 8 times and each couple 64 times.

Figure 4.4 depicts the Frisch labor supply elasticity by federal state. The Frisch
labor supply elasticity is estimated separately for singles and couples at the level of
federal state. Note that North Rhine-Westphalia is split due to its population size
and the resulting computational requirements. To obtain the overall Frisch labor
supply elasticity by federal state, the weighted average of the elasticities for singles
and couples is calculated. The Frisch elasticity for Germany as a whole is 0.0228.
The figure shows that the differences between the federal states are not particularly
large. However, there is an East-West divide, with western Germany showing a
higher elasticity overall. Berlin also stands out with a very high Frisch labor supply
elasticity compared to the other federal states.

It would be desirable to extend the analysis in the future to examine the influence
of age and gender on the Frisch labor supply elasticity. Based on the results shown
in Figure 4.4, two hypotheses can be formulated: First, it can be hypothesized that
the Frisch labor supply elasticity is higher for young people than for old people.
It is reasonable to assume that older workers may have stronger preferences for
leisure activities or be less willing or able to find and retain new jobs. Second, the
hypothesis can be put forward that the Frisch labor supply elasticity is lower for men
than for women. The difference between men and women may be due to the fact
that women are more likely to take parental leave and men are mainly responsible
for earning wages. Therefore, one would expect a very low elasticity, especially in
the external margin.
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Figure 4.4: Frisch elasticity by federal state
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Source: Own calculation based on the MikroSim base population (three simulation runs).

To further illustrate the differences between the federal states, Table 4.1 shows the
values of the Frisch labor supply elasticity for both singles and couples by federal
state. The results demonstrate that the elasticity for couples is higher than that
for single individuals in all but one case. At first glance, this might seem counter-
intuitive. Generally, one would expect that couples would react less strong to wage
increases than singles due to synergy effects of two potential incomes and shared
expenses, such as rental expenses. It should be noted, however, that the Frisch labor
supply elasticity for couples is estimated at the household level, i. e., is based on the
responses of two individuals (see Chapter 3). Therefore, to make a fair comparison
between the Frisch labor supply elasticity for singles and couples, the elasticity for
couples must be divided by 2. Since the Frisch labor supply elasticity for couples
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is in most cases slightly less than twice as high as the elasticity for singles in most
cases, we conclude that singles have a higher Frisch labor supply elasticity than cou-
ples. In contrast to the other federal states, Berlin is the only federal state where
the Frisch labor supply elasticity for couples is lower than that for singles, even
before adjustment. The analysis of the results shown in Figure 4.4 confirms that
the elasticity is higher in West Germany than that in East Germany. Moreover,
Berlin stands out due to its high elasticity. This is particularly evident for single
individuals.

Table 4.1: Frisch elasticity in Germany by federal state: Singles/Couples

Federal state
Frisch elasticity

Singles Couples

Schleswig-Holstein 0.0263 0.0479

Free and Hanseatic City of Hamburg 0.0362 0.0427

Lower Saxony 0.0271 0.0466

Free and Hanseatic City of Bremen 0.0261 0.0479

North Rhine-Westphalia 0.0257 0.0436

Hesse 0.0236 0.0433

Rhineland-Palatinate 0.0244 0.0393

Baden-Württemberg 0.0198 0.0377

Free State of Bavaria 0.0215 0.0406

Saarland 0.0263 0.0491

Berlin 0.0546 0.0514

Brandenburg 0.0255 0.0295

Mecklenburg-Western Pomerania 0.0242 0.0340

Free State of Saxony 0.0205 0.0303

Saxony-Anhalt 0.0271 0.0305

Free State of Thuringia 0.0195 0.0273
Source: Own calculation based on the MikroSim base population (three simulation runs).
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The Ramsey model is then calibrated using the Frisch elasticity and employment
data from the MikroSim model. A productivity shock is simulated using the Ram-
sey model, and the impulse response functions serve as new benchmarks for the
MikroSim model. Impulse response functions show the response of model variables
to an implemented shock over a defined simulation horizon S (DeJong and Dave,
2011, p. 303; Kilian and Lütkepohl, 2017, pp. 110-113). The MikroSim model uses
district-level benchmarks. Therefore, the new benchmarks are downscaled using the
ratio-synthetic estimator (Articus et al., 2019).

The obtained estimates of the Frisch labor supply elasticity based on the MikroSim
model are however too small to explain economic fluctuation and thus to calibrate
the macro model. As discussed in Section 4.3.2, macro models are usually calibrated
with a Frisch labor supply elasticity between 1 and 4. We propose three strategies
to overcome this problem and to establish a sequential link between the MikroSim
model and the Ramsey model. The first strategy involves modifying the structure
of the microsimulation model at the household or individual level with the aim of
estimating a higher Frisch labor supply elasticity. The second strategy involves
estimating the intensive Frisch labor supply elasticity based on the microsimulation
model, with the extensive Frisch labor supply elasticity treated as a free parameter in
the macro model that is calibrated to adjust to macroeconomic moments. The third
strategy is to gradually increase the Frisch labor supply elasticity until it is large
enough to calibrate the macro model, thereby shifting the focus from the absolute
Frisch labor supply elasticity to the differences between singles and couples and to
regional variations.

Many authors, including Savard (2003) and Colombo (2010), emphasize the impor-
tance of a bi-directional link to obtain a converging solution between the micro and
the macro model. We do not introduce a bi-directional link or any measure of con-
vergence. This may be considered a limitation of the current analysis; however, it
can be mitigated by calibrating parameters, such as the Frisch labor supply elasticity
in the Ramsey model with estimates on the basis of the MikroSim model. Further-
more, since the employment module can be aligned to meet known aggregates, it is
straightforward to obtain consistent models without having to repeat the procedure
until convergence is reached. A converging solution is obtained immediately.

As noted by Savard (2003), the value of linking micro and macro models lies in
the consideration of different perspectives. Consequently, he argues that it is of



4.5. SUMMARY 101

limited value to link a CGE model with a microsimulation model if the representative
household is a perfect aggregate of the households in the microsimulation model.
We cannot guarantee that the macro model and the MikroSim model are perfectly
substitutable. Nevertheless, the employment module in the MikroSim model has
been adapted to the modeling of labor supply in structural macroeconomic models,
as described in Chapter 3.

4.5 Summary

In this chapter, we introduced different approaches to link micro and general equi-
librium models, with a particular focus on sequential approaches, i. e., the top-down
approach, the bottom-up approach, and the top-down bottom-up approach. In or-
der to establish a link between micro and macro models, it is necessary to identify
suitable link variables. We then proceeded to introduce different link variables with
a focus on the Frisch labor supply elasticity to ensure consistency and to establish
a coherent link between both models.

We presented the Frisch labor supply elasticity as the most important link between
micro and macro models in the analysis of employment. The Frisch labor supply
elasticity was estimated separately for single individuals and couples. In addition
to the distinction between single and couple households, it would also be interesting
to estimate the Frisch labor supply elasticity for couples at the individual level,
keeping the employment status of the partner unchanged. This allows for more
direct comparisons at the individual level. The analysis of differences between males
and females, as well as between age groups, could provide further insights into the
effects of policy changes on labor supply behavior.

In the application, we presented how to link the MikroSim model to the Ramsey
model. We also linked the MikroSim model with the Ramsey model using the
top-down bottom-up approach. This constitutes the most complex combination
of micro and macro models. The Frisch labor supply elasticity served as a link
variable to ensure consistency between the micro and macro models. In order to be
able to calibrate the macro model with the estimated Frisch labor supply elasticity
on the basis of the micro model, we proposed three different solution strategies to
circumvent the problem of small micro estimates of the Frisch labor supply elasticity.



Chapter 5

Linking Micro and Time-series
Models

While linking micro models to general equilibrium models is the most sophisti-
cated type of integration between micro and macro models, aiming to combine the
strengths of both models, it is also possible to link micro models to time-series mod-
els. In this type of linkage, the focus is on improving the micro model. Forecasts
based on the time series model can be used for scenario analysis or prospective ex-
ternal alignment (see Section 2.2.4). The linking of micro models with time-series
models is largely based on the top-down approach, however the micro model can
also be linked to the forecasts of time-series models through step-wise iterative align-
ment. The chapter is organized as follows: Section 5.1 introduces time-series models
as a foundation, Section 5.2 links the MikroSim model to forecasts from ARIMA
models, and Section 5.3 provides a summary and outlines future research potential.
For a detailed description of the different approaches to linking micro and macro
models, we refer to Section 4.3.1.

5.1 Time-series Models

Time-series econometrics is synonymous with empirical macroeconomics (Hamilton,
1994, p. xiii). Time series are realizations of a stochastic process (Neusser, 2011,
p. 10; Greene, 2012, p. 949). The analysis of time-series data serves two objectives
(Mosler and Schmid, 2009, p. 203):

102
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• Analysis of the structure of the time series

• Forecast of future values of the time series.

The concept of stationarity is very important in the field of time-series analysis.
Since data are mostly available only for a limited time span. For this reason, it
is crucial for a meaningful economic analysis that the regularities of the observed
trajectory are also typical for all other trajectories (Neusser, 2011, p. 9). This can be
formally expressed by the concept of stationarity. A stochastic process {Y (t)}t=∞t=−∞

is weakly stationary if the mean and the autocovariances do not depend on the
time t (Hamilton, 1994, p. 45; Neusser, 2011, p. 11). Given that j defines the time
interval between the observations, the concept of weak stationarity implies that the
covariance Y (t) and Y (t−j) depend on j but not on the time t (Hamilton, 1994, p. 46;
Neusser, 2011, p. 12). Strict stationarity extends the concept of weak stationarity.
A stochastic process {Y (t)}t=∞t=−∞ is strictly stationary if the joint probability distri-
bution (Y (t), Y (t+j1), Y (t+j2),..., Y (t+jn)) depends on the time intervals but not on
the time t (Hamilton, 1994, pp. 45f; Neusser, 2011, pp. 11-13; Greene, 2012, p. 953).

The white noise process serves as the foundation for time-series processes. Consider
the sequence {ε(t)}t=∞t=−∞. This process is white noise if the elements are uncorrelated
and have a mean of 0 and variance σ2 (Hamilton, 1994, p. 47):

E
(
ε(t)
)

= 0

E
((
ε(t)
)2
)

= σ2.

5.1.1 Autoregressive Integrated Moving Average Models

ARIMA models are used for univariate time-series analysis. They consist of an
AR(p) part with p indicating the AR order, an I(d) part with d indicating the
degree of differencing, and a MA(q) part with q indicting the moving average (MA)
order. The MA process builds on the white noise process {εt}t=∞t=−∞. The MA(1)
process is defined as (Hamilton, 1994, p. 48; Neusser, 2011, p. 14; Greene, 2012,
p. 950):

y(t) = µ+ ε(t) + θε(t−1), (5.1)
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where µ is the mean of the process and θ is a constant. Positive values of θ imply
that “an unusually large value of [y(t)] is likely to be followed by a larger-than-
average value for [yt+1]” (Hamilton, 1994, p. 49), while negative values of θ imply
that “a large value of [y(t)] might be expected to be followed by a small value for
[y(t+1)]” (Hamilton, 1994, p. 49). y(t) is a weighted sum of the two last values of ε
(Hamilton, 1994, p. 48). The MA(1) process can be generalized to an infinite-order
moving average process MA(q) (Hamilton, 1994, pp. 51f):

y(t) = µ+
q∑
j=0

θjε
(t−j) (5.2)

with θ0 ≡ 1.

The AR(1) process is given as (Hamilton, 1994, p. 53):

y(t) = φy(t−1) + ε(t), (5.3)

where ε(t) is a white noise process. If |φ| < 1, the process is covariance-stationary.
The AR(1) process can be generalized to an AR(p) process (Hamilton, 1994, p. 58):

y(t) =
p∑
j=1

φjy
(t−j) + ε(t). (5.4)

The AR(p) process with drift includes a constant term c: (Hamilton, 1994, p. 58):

y(t) = c+
p∑
j=1

φjy
(t−j) + ε(t). (5.5)

Combining the MA process and AR process, results in the mixed autoregressive
moving average (ARMA) process (Hamilton, 1994, p. 59):

y(t) =φ1y
(t−1) + φ2y

(t−2) + ...+ φpy
(t−p)+ (5.6)

ε(t) + θ1ε
(t−1) + θ2ε

(t−2) + ...+ θqε
(t−q).

When economic variables exhibit a trend, the time series is non-stationary. Con-
sequently, AR processes, MA processes, and ARMA processes cannot be applied.
However, non-stationary data can be transformed into stationary data (Hamilton,
1994, ch. 15; Greene, 2012, ch. 21). If a non-stationary time series is integrated
of order d, I(d), the non-stationary time series can be converted into a stationary
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time series. The autoregressive integrated moving average (ARIMA) model can be
written as (Greene, 2012, p. 983):

∆dy(t) =µ+ φ1∆dy(t−1) + φ2∆dy(t−2) + ...+ φp∆dy(t−p)+ (5.7)

ε(t) − θ1ε
(t−1) − ...− θqε(t−q)

with ∆y(t) = y(t)− y(t−1). Thus, integration of order d transforms the ARIMA(p, d,
q) into a stationary ARMA(p, q) model (Hamilton, 1994, p. 437).

The models considered above do not include covariates x(t). The variable of interest
is regressed on its own lagged values exclusively. However, it is possible to extend
the ARMA model to an ARMAX model and similarly, the ARIMA model to an
ARIMAX model, which allows the inclusion of exogenous variables as explanatory
variables. These models can be seen as a mix of a linear regression and ARMA
(5.6) or ARIMA models (5.7). For reasons of simplicity, it is assumed that the data
are stationary. The autoregressive moving average model with explanatory variable
extends the ARMA model (5.6) by a covariate x:

y(t) =βx(t) + φ1y
(t−1) + φ2y

(t−2) + ...+ φpy
(t−p)+ (5.8)

ε(t) + θ1ε
(t−1) + θ2ε

(t−2) + ...+ θqε
(t−q).

For further information on time-series models, we refer to Hamilton (1994), Neusser
(2011), and Greene (2012, ch. 20, 21).

5.1.2 Vector Autoregressive Models

In contrast to CGE and DSGE models, VAR models lack a microfoundation. Thus,
an advantage of a VARmodel is thus that it does not rely on “merely artificial devices
intended to induce more realistic macroeconomic behavior” (Kilian and Lütkepohl,
2017, p. 187). VAR models are used for multivariate time-series analysis. The VAR
model consists of a system of regressions, where the regressors are lagged variables
of its own and of other model variables. The maximum lag order p is pre-specified
and determines the regressions. The VAR(2) model is of the following form (Kilian
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and Lütkepohl, 2017, pp. 1f):

y
(t)
1 =β11,1 y

(t−1)
1 + β12,1 y

(t−1)
2 + β13,1 y

(t−1)
3 + (5.9)

β11,2 y
(t−2)
1 + β12,2 y

(t−2)
2 + β13,2 y

(t−2)
3 + ε

(t)
1

y
(t)
2 =β21,1 y

(t−1)
1 + β22,1 y

(t−1)
2 + β23,1 y

(t−1)
3 +

β21,2 y
(t−2)
1 + β22,2 y

(t−2)
2 + β23,2 y

(t−2)
3 + ε

(t)
2

y
(t)
3 =β31,1 y

(t−1)
1 + β32,1 y

(t−1)
2 + β33,1 y

(t−1)
3 +

β31,2 y
(t−2)
1 + β32,2 y

(t−2)
2 + β33,2 y

(t−2)
3 + ε

(t)
3

with ε(t)
i for i = 1, 2, 3 being serially uncorrelated with a diagonal covariance matrix∑

ε.

Global VARs (GVARs) are designed with the specific purpose of handling panels of
time-series data for many countries or regions. The idea is to augment a VAR model
for each unit by global variables capturing the other countries. The advantage is
that several countries can be modeled jointly as a global model. A review of the
GVAR approach is provided in Chudik and Pesaran (2016).

VAR models can also be used for structural modeling. Structural VAR(p) models
are represented as (Kilian and Lütkepohl, 2017, p. 2):

B0y
(t) = B1y

(t−1) + ...+ Bpy
(t−p) + ω(t), (5.10)

where Bi for i = 1, ..., p is a K ×K matrix of autoregressive slope coefficients, ω(t)

is serially uncorrelated with a diagonal covariance matrix ∑ω of full rank. Each
element of ω(t) has its own economic interpretation. B0 depicts the relations of
the model variables and captures the effect of the structural shocks on the model
variables.

VAR(p) models are estimated using unrestricted least-squares, generalized least-
squares, bias-corrected least squares, and maximum likelihood methods (Kilian and
Lütkepohl, 2017, ch. 2.3).
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5.2 Application: Linking the MikroSimModel and
Time-series Models

The top-down approach is the simplest combination of micro and macro models. In
particular, if the microsimulation model is aligned, the top-down approach can be
implemented equivalently to alignment, using the macro data as a benchmark. As
most of the modules in the MikroSim model are aligned, the top-down approach is
straightforward to implement. We choose to link the MikroSim model with fore-
casted time-series data, that serve as benchmark for simulation periods that lie in
the future. Thus, the top-down approach with forecasted time-series data provides a
possible solution to the question of what to do with adjusted models in the absence
of benchmark data (for points in time that lie in the future).

Employment variables are used as link variables. The employment module in the
MikroSim model is described in Section 2.4.1. The time-series data for employed,
unemployed, and inactive individuals are available from INKAR (Bundesinstitut für
Bau-, Stadt und Raumforschung, 2021). The data on the unemployed are available
from 1995, while the data on employment and inactivity are available from 1998.
We use the ARIMA model to forecast the time-series of employment data.

ARIMA models are very popular and widely used for forecasting time-series models
(see Section 5.1). We select the ARIMA model based on the corrected AIC (AICc),
which is a common approach to choose ARIMA models (Hyndman et al., 2023;
Hyndman and Khandakar, 2008). The AICc is a modification of the AIC (2.44). It
is defined as follows (Hurvich and Tsai, 1989):

AICc = AIC + 2(K + 1)(K + 2)
n−K − 2 , (5.11)

whereK is the number of parameters in the model and n the number of observations.

The procedure to forecast the time-series data for the MikroSim employment module
is as follows:

1. Data collection

2. Model selection

3. Model inference,
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The data collection step includes the preparation of the estimation data. The data
must be non-negative as the number of employed, unemployed, or inactive persons
cannot be negative. For this reason, a logarithmic transformation is performed first.
The model selection is based on the procedure described above. The entire available
time period is selected as the estimation window. 2030 is chosen as the forecast
horizon. The forecasted values are transformed from the logarithmic scale back
into the original scale by an exponential transformation, so that they can be used
as benchmark values in the MikroSim model. Subsequently, key figures, such as
the unemployment rate and the employment rate, are calculated. This is necessary
because the number of individuals of working age based on the forecasted time-series
data will most likely not match the projected population growth of the corresponding
age group in the MikroSim model.

Figure 5.1, Figure 5.2, and Figure 5.3 illustrate the forecasted time-series data
based on the ARIMA models for employment, unemployment and inactivity, re-
spectively. The gray area shows the 95% confidence interval, whereas the blue area
shows the 80% confidence interval. For illustrative purposes, we present the data
for the labor market region Trier, which encompasses the following districts: Trier
(city), Bernkastel-Wittlich, Eifelkreis Bitburg-Prüm, Vulkaneifel, and Trier- Saar-
burg (Bundesagentur für Arbeit, 2024).

Figure 5.1 shows the forecasted values for employment, where the number of em-
ployed individuals is depicted on a logarithmic scale. An ARIMA(0,1,1) model with
drift is chosen based on the AICc criterion. The model is a simple exponential
smoothing model with growth. A positive trend is observed from 1998 to 2019.
The forecasted values indicate a continuation of the positive trend for the next 11
periods.
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Figure 5.1: Forecast of employment in the labor market region Trier based on an
auto selection algorithm for ARIMA models

Forecasts from ARIMA(0,1,1) with drift
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Note: The gray area shows the 95% and the blue area the 80% confidence interval.
Source: Own calculation based on Bundesinstitut für Bau-, Stadt und Raumforschung (2021).

Figure 5.2 shows the forecasted values for unemployment with the number of unem-
ployed individuals represented on a logarithmic scale. An ARIMA(0,1,0) model is
estimated, i. e., a random walk model. Consequently, the forecasted series is devoid
of any meaningful information, as a random walk implies that the movement of un-
employment is influenced solely by random noise (Hamilton, 1994, p. 436; Neusser,
2011, p. 16). The forecast could be improved by modifying the estimation window
to consider data from 2015 onward in the estimation process.
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Figure 5.2: Forecast of unemployment in the labor market region Trier based on an
auto selection algorithm for ARIMA models
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Note: The gray area shows the 95% and the blue area the 80% confidence interval.
Source: Own calculation based on Bundesinstitut für Bau-, Stadt und Raumforschung (2021).

Figure 5.3 shows the forecasted values for individuals who are inactive. The number
of inactive individuals is depicted on a logarithmic scale. An ARIMA(0,1,0) model
with drift is estimated. A random walk with drift is a model that forecasts the
time-series data based on the previous value plus a constant and a white noise term
(Hamilton, 1994, p. 436).
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Figure 5.3: Forecast of inactivity in the labor market region Trier based on an auto
selection algorithm for ARIMA models
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Source: Own calculation based on Bundesinstitut für Bau-, Stadt und Raumforschung (2021).

The forecast accuracy can be assessed based on different quality measures (Hyndman
et al., 2023; Hyndman and Khandakar, 2008):

• Mean error (ME)

• RMSE

• Mean absolute error (MAE)

• Mean percentage error (MPE)

• Mean absolute percentage error (MAPE)

• Mean absolute scaled error (MASE)

• Autocorrelation of errors of lag one (ACF1).
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It is crucial to recognize that certain measures are contingent upon the scaling of the
data. Consequently, the ME, the RMSE, and the MAE should be employed when
comparing different methods on the same data set. In contrast, the percentage
errors MPE and the MAPE can be used to compare prediction performance across
different data sets (Hyndman and Koehler, 2006).

Table 5.1 illustrates the training set accuracy measures for the ARIMA models.

Table 5.1: Accuracy measures for forecast models

ME RMSE MAE MPE MAPE MASE ACF1

Employment 0.0009 0.0152 0.0113 0.0084 0.0978 0.5501 0.0093

Unemployment 0.0078 0.0811 0.0615 0.0830 0.6941 0.9656 0.3404

Inactivity 0.0005 0.0447 0.0341 0.0040 0.3176 0.8691 0.2201
Source: Own calculation.

The accuracy of the forecast could possibly be improved by adding exogenous vari-
ables. However, the inclusion of additional exogenous variables is not possible in
ARIMA models. The autoregressive integrated moving average with explanatory
variables (ARIMAX) model is an extension of the ARIMA model that allows to
incorporate exogenous variables to the model.

Exogenous variables that could be used in ARIMAX models to improve the forecast
of employment data include data from official statistics, such as data on unemploy-
ment insurance claims (Ettredge et al., 2005), data from online search engines, such
as web-based job search data (Ettredge et al., 2005), Google trends data for the
categories Jobs, Welfare..., and Unemployment (Choi and H. Varian, 2012), Google
trends data relating to the categories jobs, society, social services, and economic
indicators (Adu et al., 2023), as well as data describing the search volumes for
the search terms unemployment benefits, labor market subsidy, unemployment office,
unemployment claim, unemployment compensation, unemployment insurance , apply
for unemployment, applying for unemployment, filing for unemployment, unemploy-
ment online, unemployment office locations, unemployment eligibility, ui benefits,
and unemployment benefit (Tuhkuri, 2016a; Tuhkuri, 2016b). These studies indi-
cate that the incorporation of data from online search engines enhances the accuracy
of short-term unemployment rate forecasts.
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ARIMAX models also present novel opportunities for the MikroSim model, repre-
senting an additional method of integrating micro and macro models through the
top-down-bottom-up approach. The results of the microsimulation model can be
integrated into the ARIMAX model as exogenous variables, which could improve
the predictive performance of ARIMA models (see above). The forecasted data
based on the ARIMAX model can then serve as benchmark data for the microsim-
ulation model. The recursive approach to forecasting, which involves the use of an
increasing window for estimating the model, allows for the incorporation of the latest
outcomes of the microsimulation model into the estimation process. The additional
consideration of Google trends data is also an innovative and promising approach.

ARIMAX models (Section 5.1.1) are similar to VAR models (Section 5.1.2). The
primary distinction between the ARIMAX and VAR models is their ability to ac-
commodate multiple time series. VAR models are used for multivariate time-series
analysis, whereas ARIMAX models are used for univariate time-series analysis with
exogenous variables. As stated in Section 2.4, the base population of the MikroSim
model can be extended either once at the beginning of the simulation or in each
simulation run. Depending on the length and consistency of the variables in the
MikroSim model, the results of the MikroSim model can also be considered as time-
series data. Consequently, it is also straightforward to link the MikroSim and VAR
estimates of macro variables.

5.3 Summary

In this chapter, we proposed an alternative approach to linking micro and macro
models. In addition to linking micro models to general equilibrium models, combin-
ing forecasts from time-series models and micro models is another option for linking
micro and macro models that is worth exploring. We introduced different time-
series models and demonstrated in an application how to link the MikroSim model
to time-series models. The linkage of the MikroSim model to forecasted time-series
data based on the ARIMA model was conducted following the top-down approach.
Furthermore, we presented a possible extension of this approach, which consists of
linking the MikroSim model to ARIMAX and VAR models. This extension rep-
resents an promising alternative since it could improve the accuracy of time-series
models and allows for the establishment of a bi-directional link between the micro
and macro models.



Chapter 6

Summary and Outlook

The use of microsimulation models for policy evaluation and socio-economic im-
pact assessment has increased in recent years, leading to further development of
the underlying methods and to more complex microsimulation models. A major
source of complexity is the incorporation of a behavioral component. Behavioral
microsimulations are often linked to general equilibrium models in order to combine
the strengths of both micro and macro models. The strength of microsimulation is
that it allows the analysis of “what-if” scenarios at the level of the micro-unit, while
the strength of general equilibrium models is that they consider the economy as a
whole, at the aggregate level.

The thesis was written within the DFG research group FOR 2559 “Multi-sectoral
Regional Microsimulation Model” (MikroSim). In the MikroSim project, a realistic
population for Germany was created and projected into the future using statistical
methods, primarily (multinomial) logit models. In order to distinguish the MikroSim
model from other microsimulation models, different types of microsimulation meth-
ods were introduced and the MikroSim model was classified as a discrete-time dy-
namic microsimulation model. The statistical methods for creating and projecting
the population into the future were presented with a focus on modeling and simula-
tion processes. Due to the small sample size of the estimation data set and the lack
of geographic information, the estimated probabilities do not correspond to known
totals. Therefore, internal and external validation methods were used to assess the
performance of the estimation models for projecting the base population into the
future. This is particularly challenging in the field of dynamic microsimulation.

114
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Due to its modular structure, the MikroSim model provides an ideal basis for the-
matic extensions. The objective of this thesis was to describe, analyze, and extend
methods for linking micro and macro models. In addition to the existing literature,
which mainly deals with linking static microsimulation models with CGE models,
this thesis focused on linking dynamic microsimulation models with macro models
in general. In addition to general equilibrium models, alternative types of macro
models, such as VAR models and ARIMAX models, were considered. A prerequisite
for linking micro and macro models is the identification of suitable link variables in
order to establish a coherent link between both models.

The quality of link variables is of paramount importance, as they serve as the basis
for linking micro and macro models and, thus, determine the quality of the linked
model. One of the main fields of application is the analysis of the unintended or
intended consequences of policy reforms on labor supply behavior. We also focused
on employment variables as link variables and provided an overview of different
methods for estimating employment transitions. These included (multinomial) logit
models, Markovian transition models, random effects models, and conditional infer-
ence trees. In an application based on the MikroSim model, the conditional inference
tree was shown to be particularly promising for estimating employment transitions.
One of the main advantages of the conditional inference tree algorithm is its rel-
ative speed and ease of implementation. Additionally, it is capable of identifying
implausible transitions, provided that the underlying data are consistent. Further
investigation of machine learning algorithms for estimating employment transitions
may be beneficial. This thesis demonstrated the value of exploring alternative statis-
tical methods for estimating transition probabilities in the context of discrete-time
dynamic microsimulation models. For example, conditional random forests, which
are based on conditional inference trees, may provide an alternative approach.

The incorporation of a behavioral component into microsimulation models opens up
new avenues for research. Behavioral microsimulation models allow the analysis of
behavioral responses of micro-units to policy reforms. It was shown that behavioral
microsimulation models do not reflect the theoretically possible effects of the scenar-
ios under study, but instead produce realistic outcomes. Additionally, a cost-benefit
analysis of the policy reforms was conducted. This is particularly relevant in the
field of empirical legal studies.
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Behavioral microsimulation could be further enhanced by integration with tax-
benefit models. This integration would allow the implementation of tax policy
scenarios and the subsequent analysis of the resulting behavioral responses. Thus,
the combination of the microsimulation model with tax-benefit models such as EU-
ROMOD could be a promising avenue for further research, allowing, for example,
analyses of the effects of taxes on pensions and thus on the living standards of the
aging population. This aspect could also be of relevance for the analysis of long-term
care using a microsimulation approach.

Behavioral microsimulation models also serve as the basis for establishing a con-
sistent link between microsimulation models and general equilibrium models. The
combination of these model types represents the most complex alternative for link-
ing micro and macro models. The sequential approach allows for the development
of both a sophisticated microsimulation model and a macro model, which are then
combined using link variables. A popular area of application is the analysis of labor
supply behavior, where employment variables and the Frisch labor supply elastic-
ity serve as link variables. The Frisch labor supply elasticity was estimated at the
level of federal states using the MikroSim base population data. It was found to be
relatively low, ranging from 0.0195 to 0.0546 for single individuals and from 0.0273
to 0.0514 for couples. This result supports the finding that micro estimates of the
Frisch labor supply elasticity are generally lower than macro estimates of the Frisch
labor supply elasticity.

It is also possible to link microsimulation models to other types of macro models,
such as time-series models. The sequential link between microsimulation models and
time-series models is more flexible as it requires fewer assumptions. In this thesis,
the MikroSim model was linked to forecasts of ARIMA models. However, this link
is uni-directional. Nevertheless, this approach represents a promising avenue for
further exploration, with the potential to be extended to link the MikroSim model
to ARIMAX models or to VAR models, thereby establishing a bi-directional link.

For future research, it would be desirable to link the MikroSim model to a regional
general equilibrium model. Regional general equilibrium models are used at the sub-
national level to analyze the effects of different scenarios at the regional level. This
would be advantageous in view of the fact that a distinctive feature of the MikroSim
model is its high degree of regional disaggregation. Thus, linking the MikroSim to
macro models, which are generally developed at the national level, results in a loss
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of information from the viewpoint of the MikroSim model. While the results of
the macro model could be disaggregated, this would introduce an additional source
of uncertainty. If the main motivation for linking micro and macro models is to
incorporate labor demand effects, the RURO model, which considers both labor
supply and labor demand, could be a promising alternative.
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