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Abstract

We know from various studies that social interaction plays a major role in
demographic decisions like marrying or having children. Agent-based modelling
is best suited to model the emergence of macro level patterns from individual
decisions and interactions. The thesis introduces three agent-based models on
demographic applications. Analysing these models we were able to identify some
critical factors that have to be considered when studying social networks and
social interaction and their role for explaining observed demographic patterns.
The first model is a marriage model using social influence as the key force
driving the marriage process. It demonstrates that aggregate behaviour can
endogenously emerge from the bottom up. Further, the model indicates the
importance of the functional form of social influence. The second marriage
model shows that the underlying network structure has a very strong effect on
the diffusion of behaviour. Thus, when modelling a social network, network
characteristics like clustering and average distance have to be considered. The
third model that is described in this thesis is a fertility model which is calibrated
with Austrian data. The model captures the cause and the extent to which age
specific fertility changes over time. Calibrating the model with empirical data
allows us to use the model to forecast age-specific fertility rates.
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Kurzfassung

Aus zahlreichen Studien geht hervor dass soziale Interaktion bei demographischen Entscheidungen, wie zu heiraten oder Kinder zu bekommen, eine entscheidende Rolle spielt. Agenten-basierte Modellierung ist eine geeignete Methode
um die Entstehung von Verhaltensmustern auf der Makroebene aus individuellen
Entscheidungen und Interaktionen heraus zu modellieren. Im Rahmen dieser
Dissertation stellen wir drei Agenten-basierte Modelle bezüglich demographischer Anwendungen vor. Die Analyse dieser Modelle ermöglicht uns die bedeutendsten Faktoren zu identifizieren, die bei der Modellierung sozialer Netzwerke
und sozialer Interaktion zu berücksichtigen sind sowie deren Einfluss auf die
Entstehung von Makroverhalten. Das erste Modell beschreibt soziale Interaktion als die treibende Kraft bei der Entscheidung zu heiraten. Die Simulationen
zeigen dass Verhaltensmuster endogen aus individuellen Verhalten entstehen
können. Ferner weisen die Ergebnisse auf die Relevanz der Form der Funktion,
welche die soziale Interaktion beschreibt, hin. Das zweite Heiratsmodell zeigt,
dass die modellierte Netzwerkstruktur einen großen Einfluss auf die Verbreitung
eines Verhaltensmusters hat. Die Simulationen zeigen die Notwendigkeit auf,
Netzwerkeigenschaften wie ”Clustering” und ”durchschnittliche Entfernung” bei
der Modellierung des Netzwerks zu berücksichtigen. Mit dem dritten in dieser
Dissertation beschriebenen Modell versuchen wir die Ursache und das Ausmaß
der Änderung altersspezifischer Fertilitätsraten zu erfassen. Zu diesem Zweck
kalibrieren wir das Modell mit empirischen Daten, und verwenden es zur Prognose altersspezifische Fertilitätsraten.
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OVERVIEW

The aim of this thesis is to demonstrate the role of social interaction for demographic behaviour using agent based models. The agent based models consider
social interaction mechanisms and different network structures in order to explain the emergence of demographic patterns from the bottom up.
In the first chapter we review the features of agent-based models, argue why
they are of interest for modelling demographic processes and give an overview
of the existing literature on agent based computational demography. Since the
main focus of this thesis is on social interaction we further summarize the findings of various studies on the importance of social interactions for demographic
decisions. The features of the networks within which agents interact are examined as well. Finally, the chapter overviews existing agent based simulation
tools and gives an outlook on the models described in the thesis.
In Chapter 2 - 4 we introduce three agent-based models that simulate typical
demographic processes, modelling social interaction as the main force driving
the demographic decisions.
In Chapter 2 we describe a marriage model, called the ’Wedding Ring’,
which simulates individuals whose desire is to get married is affected by the
social pressure that married acquaintances exert on them. The hazard rates of
marriage of this simulated society emerge from the individual behaviour and
the interactions between the individuals. This work is published in the journal
’Demographic Research’.
The marriage model introduced in Chapter 3 analyses the impact of network structure on marriage behaviour. We study one-dimensional and twodimensional networks and demonstrate the role of network characteristics like
’clustering’ and ’average distance’ for the diffusion of marriage behaviour.
The third model, which is described in Chapter 4, simulates the transition to
parenthood. An agents’s decision to have a child is influenced by the number of
mothers within her social network. This model tries to explain the change of the
shape of birth rates over a time period through the effects of social interaction.
The model is further used to forecast age-specific fertility rates for Austria. This
work is published as a ’VID Working Paper’ and is forthcoming in the journal
’Demography’ as a newer version.
Finally, the last chapter summarizes the main findings of the thesis concerning the modelling of social interaction and social networks and gives an outlook
for further research.

1. INTRODUCTION

1.1 Agent Based Models in Social Science
Computer simulations are used in all fields of social sciences. Applications range
from sociology to economics, and from organization theory to political science,
or demography, and are intended to help us to better understand properties
of complex social systems. The social phenomena of interest, such as social
dynamics, are studied in detail through the analysis of simulations.
Traditionally, scientists have tried to understand social life as a structured
system of institutions and norms that shape individual behaviour from the top
down. The use of macro–simulations, reflected this idea ideally and was (and
still is) strongly used in social sciences. This simulation technique typically
consists of sets of differential equations that predict population distribution as
a holistic function of other systemic factors and was often seen as a powerful
implementation of mathematical modelling (Conte et al., 1998; Macy and Willer,
2002; Flache and Macy, 2004).
A newer approach aims to model the emergence of social life from the bottom
up, by assuming that macro phenomena grow only through individual behaviour
without the intervention of an institutional entity controlling over individual behaviour and for the changes within the population. Thus institutions do not
shape individual behaviour but rather evolve as a result of feedback processes
of individual actors. Micro–simulation is such a ’bottom-up’ strategy for
modelling individual behaviour. This model strategy uses data on representative samples of individuals, and include equations that represent the behavioural
process, to simulate the evolution through time of each individual. Then all individual developments aggregate to the entire population. Thus micro-simulation
models are related to the earlier generation of macro–simulation models, but
they depict changes of each element of the population rather than changes at
the population level. But as with macro–simulation, the primary orientation is
toward applied research, mainly forecasting macro effects of public policies that
alter individual behaviour. The models are usually not used for basic theoretical research. Besides, the models, do not permit individuals to directly interact
with one another (Lansing, 2002; Macy and Willer, 2002; Flache and Macy,
2004).
In agent–based simulation social scientists found the ideal tool for the
next generation of social simulations, since it allows the scholar to combine formal modelling with behavioural assumptions. Through this combination it is
possible to theorize about social behaviour in order to explain regularities that
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have been observed at the macro level and to test theoretical hypothesis by
studying processes and their consequences in artificial societies. In addition to
the possibility of computational theorizing, it also offers a new way to do empirical research by generating important social phenomena qualitatively. (Conte
et al., 1998; Flache and Macy, 2004; Epstein, 2006a).
Agent–based simulation is, similar to micro–simulation, a bottom–up approach where individual behaviour is the only driving force for changes in the
population distribution. In contrast to micro–simulation, agent–based models typically model relationships between individuals within an environment.
Hence, it allows individuals to interact, exchange information or to adopt
inter–dependently, while within most micro–simulations individuals are simulated without any direct interaction between them (Gilbert and Terna, 2000).
More precisely agent–based models impose specific key assumptions for the actors. The agents are autonomous, thus they control their own actions rather
than being controlled by any ’central planner’. Further, agents are interdependent, they influence each other and their environment, on which they again
react. Agents follow simple rules and are adaptive. They adapt through learning
processes, interaction or reaction (Macy and Willer, 2002).
Additionally agent–based modelling allows studying a highly heterogeneous population, where agents have different characteristics and behaviour,
which may change or adapt over time, whereas micro–simulations usually simulate a large number of individuals with more or less identical behaviour. Through
adding heterogeneity, this approach enhances the potential for creating an artificial society that allows the growth of an endogenous social structure (Lansing,
2002).
Furthermore, agent–based modelling allows a micro–macro link, an interplay between the individual and the population level. In micro–simulation
there is already such a link in one direction, such as the individual behaviour
on the micro level generates population dynamics at the macro–level. With
agent–based models it can be shown how this macro–dynamics emerge not only
from the individual behaviour but also from the interaction of individual actors.
Further it is possible to model a two–sided link. Such as that individuals also
react to changes within the population. Thus, population attributes, may again
have an impact on the individual behaviour of agents. Thus, the model can
show how population properties can be generated through interaction and how
these properties may again affect the individual level (Gilbert and Terna, 2000;
Flache and Macy, 2004).

1.2 Agent Based Computational Demography
With the increasing use of agent–based models in different fields of social sciences, this approach also becomes more and more accepted in population studies.
For applications in demography some of the agent–based features are especially
useful. In particular when the explanation of behaviour is of main interest of
the research, these features are of great use.

1. Introduction

4

Billari et al. (2003a) outline the main advantages for the use of agent–
based modelling in demography. Above all the authors mention the possibility
to include feedback mechanisms to the model, the so far missing micro–
macro link. The use of agent–based models enables the integration of micro–
based demographic behavioural theories with aggregate–level demographic outcomes. In traditional micro–simulation, the analysis usually stops at the macro–
demographic results of individual behaviour, without considering their possible
feedback on agents. Moreover, agent–based modelling allows to additionally add
macro–level units, such as social norms or institutions, and simulate the dynamic
relation between the micro– and macro–based elements and their effects on individual action. It is possible to model how individuals affect collective entities
with their behaviour and how these entities in turn influence the actions of individuals. This enables the modeller to formalize networks through which agents
interact and simultaneously react to changes in their environment. Thus this
approach allows for the modelling of individuals as social actors that communicate and interact and, the studying of demographic processes, such as fertility,
nuptiality and divorce, as an outcome of interacting agents. The possibility
to model socialization is important especially for demographic questions since it
is known that most decisions on demographic behaviour are influenced by social
factors. There is no central planner with complete knowledge making all the
decisions, but a large number of individual actors whose decision-making is not
always rational.
Further, the agent–based approach enables the introduction of heterogeneous agents, which is essential for population models. Individuals with different attributes and behaviour can be represented and it can be studied how these
individuals may change their behaviour due to learning processes or external influences. For micro–simulations, homogeneity of individuals often has been a
necessary assumption due to the difficulty to control for heterogeneous factors.
With agent–based modelling it is possible to account for unobserved heterogeneity, since a set of simulation runs may approximate macroscopic regulations
of the society. Additionally, heterogeneous populations often lead to complex
dynamics which can not be studied with statistical analysis. Using agent–based
models in demography enables the construction of models for which explicit
analytical solutions do not exist and the investigation of empirically unobservable factors. Thus, social interaction, heterogeneity and preferences of agents
can be studied and the dynamic path of these processes can be followed. The
possibility of dynamic modelling enables the study of demographic processes
beyond stable and stationary populations. Rare events can be studied as well
as long time periods, which can be useful for formulating or testing theories on
the explanation of demographic behaviour.
The great feasibility of agent based models also entails some difficulties regarding the modelling of demographic behaviour. Chattoe (2003) outlines some
of the challenges for demographers. Potential problems can be the handling
and transmission of information. Modellers have to keep model-rules simple
and thus might fail to gather indirect effects. Further, the collection of data
that is needed for calibrating the models can be problematic. But despite these
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difficulties several scientists perceived the advantages of agent based modelling
and applied the approach to demographic issues. Among others there have been
implementations on spatial demography and family demography.
For spatial demography the agent–based approach is of interest due to the
possibility to observe macro–structures of the distribution of migrants or settlements emerging out of micro–level strategies of agents. But also heterogeneity
is of importance since mobility is an attribute in which individuals differ. The
significance of heterogeneity in spatial models is verified for example by Heiland
(2003).The author introduces a model where state-level migration patterns from
East to West Germany are simulated. The agents of this model face uncertainty
with respect to their future employment conditions and decide whether or not
to migrate to another state. The author uses the agent–based approach to
introduce heterogeneity for the states and the individuals. The agents are heterogeneous with respect to their location and mobility and their decision to
migrate is determined by unemployment, income differentials, moving costs and
job search costs, which differ from state to state. Using these heterogeneous
agents, who might migrate depending on salary and costs, the model is capable
to explain the decline in east–west migration flows since 1989 and further shows
that heterogeneity with respect to relocation preferences is crucial to explain
the rapid decline in East–West migration.
The importance of heterogeneity on the micro–level to explain macro–level
patterns was also verified in some models on family demography. Todd et al.
(2005) introduce an agent–based model that simulates the aggregate behaviour
of individuals who are searching for marriage partners and show that through the
inclusion of heterogeneity of learning periods they are able to produce patterns
that resemble those of observed population. The authors argue that differences
at the individual–level lead to the emergence of observed patterns at the population level. While Todd et al. (2005) explore the importance of heterogeneity in
learning periods, Conte and Pedone (1998) focus on the relevance of heterogeneity in decision strategies. They also model partnership formation but include
architectural differences among the agents. Thus the authors introduce three
different strategies of decision making. The analyses show that heterogeneity
within decision strategies leads to more frequent matches and higher benefits.
Further, Aparicio Diaz and Fent (2006) show that including heterogeneity can
significantly change the results. The authors introduce heterogeneity of agents
to an existing model on the evolution of age-at-marriage norms across generations (Billari et al., 2003b). In this model a norm is represented as an interval for
an acceptable age to marry, which is transmitted from parents to their children.
They investigate how results are affected by taking into account heterogeneity
with respect to age, sex and fertility and demonstrate that considering more
parameters in modelling can increase the explanatory power of a model.
Besides the consideration of heterogeneity of individuals, also their interaction is essential for the research in family demography. Each individual may
have a special group of relevant others to whom she/he relies on when making
decisions on fertility or partnership formation. This group of relevant others
may provide relevant information or exert pressure on an individual. Hence

1. Introduction

6

these social interactions can be as crucial as heterogeneity for the research
and are therefore another major advantage of the use of agent based modelling
in family demography. The role of the social interactions for demographic decisions has been studied in detail and is summarized in the next section.

1.3 Social Interaction
The possibility to display interacting individuals is one of the major advantages of agent–based models. Especially in demography it is argued that the
social interaction is an important factor when it comes to decision making. The
importance of social interaction for demographic decisions, such as getting married and having children, is a topic of many studies and the empirical evidence
increasingly identifies diffusion processes as an important determinant of demographic behaviour (Knodel and van de Walle, 1979; Watkins, 1987; Cleland and
Wilson, 1987; Mason, 1992; Pollak and Watkins, 1993; Palloni, 1998). Empirical
evidence by European demographic history has proven that regional patterns
of fertility decline conformed very closely to linguistic, ethnic, and religious
territorial boundaries, which was interpreted as the result of an undergoing
ideational change diffusing ideas about smaller family size across political borders but following cultural lines (Watkins, 1986; Bongaarts and Watkins, 1996;
Todd et al., 2005). Another empirical study to identify potential effects of social
interaction on fertility was conducted by Bernardi (2003). The work shows how
interaction effects affect fertility behaviour and discusses their importance for
understanding fertility behaviour. Kohler (2001) documented a comprehensive
survey of fertility and social interaction to show the emergence of divergence
in demographic behaviour of different populations. He hypothesizes that, to
understand the dissimilarities in behaviour between populations with relatively
similar economic environmental conditions, it is important to combine economic
fertility theory and theories on social interaction.
Further, scientists explored the importance of social interaction for fertility
and marital choices through formal models. Hernes (1972) introduced a macro–
level diffusion model of age-at-marriage, where he made the assumption that
individuals of the same cohort influence each other on the decision to marry. He
describes the social pressure that married individuals exert on their unmarried
cohort members. With his model, which was illustrated by U.S. census data, the
author could depict the importance of the role of the social component on the
entry into first marriage. This impact was also analysed by Åberg (2003), who
examined how the high–school peers of young Swedes influenced their marriage
intensions.
Moreover, micro–analytical models were used to study the social effect on
diffusion of fertility choices. Kohler (2000) introduced a fertility model that
takes social interaction into account and showed that social interaction can lead
to fluctuations in fertility that can not easily be explained or predicted by other
models. Another fertility model that contains social effects was described by
Montgomery and Casterline (1996), where the adoption of contraceptive meth-
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ods was modelled as a contagious process. The adoption of birth control was
also modelled as an interaction diffusion model by Rosero-Bixby and Casterline
(1993).
The influence of the social environment on fertility decisions was also investigated by Lyngstad and Prskawetz (2010). The authors used Norwegian
register data to explore whether siblings’ influence each other. They found that
siblings have a strong influence on the decision for first birth but a rather weak
on further births. The work indicates that the social mechanism is of greater
importance when the decision is concerning a new experience. In such situations of uncertainty, when the individual has no own experience to revert to,
the knowledge and views of family and acquaintances is more desired. The new
strategies are debated within the peer group to better understand the benefits,
costs, duties and pleasures of these new choices. This social interaction might
even cause a rethinking of broad family strategies.
In the literature there are different theories concerning the actual social
mechanisms that affect behaviour due to social interaction. Montgomery and
Casterline (1996) argue that interaction mechanisms can be separated into two
components, social learning and social influence. The authors consider social
learning to be the process of taking external information into account when
making decisions (to resolve uncertainty). Sources of this information could
either be impersonal or (inter–)personal. Impersonal social learning could be
information gained from advertisement, thus information shaped by communications, such as mass media or markets. Interpersonal social learning takes
place when other actors provide information on the basis of their own experiences or views. Social influence in contrast is considered as a rather indirect
mechanism, where individuals always try to avoid conflicts and therefore desire
to conform to their social groups.
Bongaarts and Watkins (1996) in turn argue, social interactions have at least
three aspects: the exchange of information, the joint evaluation of its meaning,
and social influence. The first two mechanisms can be considered as two aspects
of social learning but the authors find it useful to treat the evaluation of the
meaning (thus the transmission of information) as an own influence mechanism.
The idea of the evaluation of information is, that in conversation information
and ideas are translated into a context and thus new information are jointly
evaluated through a social process.
Bernardi (2003) makes an even more precise distinction. The qualitative
research done allowed the author to distinguish four different influence mechanisms, social learning, social pressure, subjective obligation and contagion. The
first two mechanisms can be compared to the one’s identified by Bongaarts and
Watkins (1996). Social learning, being the influence due to information passed
by other actors and social pressure being the influence of sanctions for deviating behaviour and rewards for proper behaviour. (Social pressure is denoted as
social influence by Bongaarts and Watkins (1996),while Bernardi (2003) uses
the term social influence as an umbrella term to describe the whole influence
process without distinguishing between the different mechanisms.) Further the
mechanism of subjective obligation is identified. This could be explained as
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the subjective believe or individual expectancy of social pressure. According to
this article it might be sufficient to expect a conflict to decide to change the
behaviour. Finally contagion is described as the fully emotional and irrational
component of social influence. Thus individual behaviour due to emotional reactions, such as a sense of inadequacy, guilt or embarrassment, even if no sanctions
or rewards are expected.

1.4 The Composition and Structure of Social Networks
In addition to the studies on the influence of social networks on the decision
process, there has been done various work on the networks themselves. Studies
on networks have been done from two different perspectives. On one hand a lot
of empirical and qualitative work has been done on the network composition
and attributes and on the other hand various theoretical work and empirical
studies tried to determine the underlying structure of these networks.
Various studies depict that a network’s composition depends on (and changes
with) the individual’s own characteristics and is further sensitive to changes in
an individual’s life. Thus an individual’s behaviour is not only influenced by the
peer group but may also in turn affect the group. Decisions on family formation
may change the composition, the size or the density of social networks. The
strongest effect on the network seems to have a marital change. Wellman et al.
(1997) analysed the changes of social networks within ten years and discovered
that individuals who change their marital status replace almost their entire
network. While a change in marital status often imply a change of peer members,
the transition to parenthood has an effect on the composition and density of
one’s network. Especially the proportion of kin and non-kin seems to be affected
by the parental status of an individual. Non-kin network members often change
shortly after the transition to parenthood, whereas the density of immediate kin
connections usually increases (Hammer et al., 1982; Ettrich and Ettrich, 1995).
Although changes in family situations have the stronger effect on network
changes, also ageing, education and employment has an impact. Micheli (2000)
states that the network size, i.e. the number of relevant others, changes with
age. During youth and young adulthood the number of peers increases, while
it decreases again when an individual comes to older ages. The ageing process
also affects the proportion on kin and non-kin within the network. Wagner and
Wolf (2001) show that mainly kin remain in an elderly persons network, which
may also be the reason for the increasing density of peers at older ages. But the
authors also presume that these changes may occur due to changing life (e.g.
retirement) rather than due to ageing itself. Wellman et al. (1997) also found
that networks are relatively unstable over time and that only about one quarter
of the initial members of a median network remains within ten years.
Gender seems to have less effect on the social network composition than
expected. Moore (1990) finds that most gender differences can be explained
through other factors. His analysis shows that most differences disappear when
controlling for age, employment, marital and parental status. The only differ-
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ence that remains is the share of kin within the network. The number of kin
is larger for a woman than for a man in a similar structural position. The
composition of the network between kin and non-kin members is also effected
by education and occupation. Individuals with higher education or professional occupation have a larger share of non-kin (Hammer et al., 1982). This
correlation can also be seen when comparing non-working mothers with working mothers. While unemployed mothers have a higher number of kin within
their networks, employed mothers have more non-kin network members (Moore,
1990).
The other perspective from which networks have been studied is their structure or architecture. As well on the empirical as on the theoretical side numerous
network types have been identified. These different network structures differ in
their characteristics which affect the information flow between individuals which
can be relevant for a study, especially in research of diffusion processes. The
main characteristics that identify a network are connectivity, distances, and
clustering.
A network where any individual can be reached by any other actor by following a path of links is called an open or connected network. A disconnected
network has two or more components (connected sub-networks) without any
link between them. Thus, whatever happens in one component can not affect
another component. Connectivity is important for the flow of information. For
any connected network we can calculate the average distance between any two
individuals. The distance denotes the minimal number of links that have to
be followed to get from one individual to the other. Further we can calculate
the fraction of pairs of an individual’s neighbours that are themselves linked
(the friend of my friend is also my friend). This fraction of triangles defines the
clustering(Vega-Redondo, 2007; Ferrand and de Federico de la Rúa, 2005).
The most common structures that have been identified are: fully connected,
random, lattice, small world, and scale free. In a fully connected network all
individuals are connected and are able to exchange information. Information
can be passed immediately to any other individual or to all individuals simultaneously. There are no subgroups and all individuals have equal number of
peers, namely N − 1 (see Fig. 1.1).
A random network (Erdős and Rényi, 1959, 1960) consists of completely
random chosen peers. It can either be created by randomly choosing a fixed
number of peers, k, or by connecting each peer with the same probability p.
In any case, each connection is random and uniform and does not include any
preferential connectivity (see Fig. 1.2). However, both are more or less interchangeable when pN ≃ k (which would lead to approximately the same number
of random peers). A random network is likely to be connected if the average
number of links is not too small. The average distance and clustering are both
low in a random network.
A lattice network is a network where individuals choose their k closest
neighbours as peers. A lattice network is characterized by its dimension d
and its number of connections k and can be made periodic by joining up its
opposite edges. In a periodic lattice all individuals have exactly k interac-
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Fig. 1.2: Example of a random network

tions while in a non-periodic lattice those individuals that lie on the boundaries
have fewer peers. The most commonly used lattice networks are the periodic
one-dimensional (ring, see Figure 1.3) and the two dimensional, either periodic
(torus) or with boundaries (grid square, see Figure 1.4). Due to its structure
the average distance and clustering are both high and therefore spread of information is slower than in a random network.

Fig. 1.3: Example of a 1–dimensional
periodic lattice with k = 4

Fig. 1.4: Example of a 2–dimensional
lattice with k = 4

Small world networks (Watts and Strogatz, 1998) emerge as the result of
randomly replacing a fraction P of the k links of a lattice network with random
links (Figure 1.5). Thus, they interpolate between the two further network types
lattice (P = 0) and random (P = 1). The long range connections generated
by this process decrease the average distance between the individuals, leading
to the small world phenomenon. Similar to the lattice network, this network
type basically consists of most of the closest neighbours but additionally contains
some links to other peers. These additional links are chosen completely random.
The random links are shortcuts that decrease the average distance already for
a small fraction P , while the high clustering persists.
A common feature of the random and the small world networks is that the
probability of finding a high connected individual decreases exponentially with
k, thus, individuals with large connectivity are practically absent (Amaral et al.,
2000).
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In contrast to the previous networks that have a characteristic size, Barabási
and Albert (1999) introduce a network type that is ’free of scale’. In a scalefree network there are individuals that have a higher probability to be linked
to than others (Figure 1.6). Thus this network contains many individuals with
a few connections and a few popular ones with a large number of connections,
following a power-law distribution.

Fig. 1.5: Example of a small–world network

Fig. 1.6: Example of a scale–free network with 2 hubs

Amaral et al. (2000)’s analysis of Bernard et al. (1988) (acquaintance network of Utah Mormons) and Fararo and Sunshine (1964) (friendship network
of Madison Junior High School students) show that social networks seem to be
best explained by a small world network.

1.5 Agent Based Models on Social Interaction and Social
Networks
Since agent–based modelling is capable of displaying interactions and the underlying networks, it has been used to compare networks, to include networks
to existing models or to simply study the impact of networks on social phenomena. One of the first models, which also might be one of the most cited is the
segregation model of Schelling (1978). Although the original model was not a
computational model it is often referred to as one of the first agent-based models. This simple model demonstrates the emergence of stable, aggregate, socio–
spatial patterns from local interactions between household agents. Schelling’s
model laid the conceptual groundwork for understanding the relationship between individual preferences and behaviour and the evolution of neighbourhoods. He showed how the preferences of individuals about where to live can
give rise to (often unanticipated) aggregate patterns of residential segregation.
In Schelling’s model, households of two types, make decisions to remain at or
leave their current residential location depending on dissatisfaction with that
location. Dissatisfaction arises from a household having too many neighbours
of the opposite type, or too few neighbours of its own type. Using this framework, Schelling shows that strongly segregated residential patterns can arise
even when the two groups are relatively tolerant of one another’s presence (Fig-
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ure 1.7). Schelling’s work inspired many scholars to extend the model, add
actual urban geographics, or study the underlying assumptions of the model in
detail. (Rowe and Rodgers, 1991; Sander et al., 2000; O’Sullivan et al., 2003;
Wilhite, 2005; Bruch and Mare, 2006; Singh et al., 2007)

Fig. 1.7: Initial and equilibrium societies of the Schelling model.
Ref.: http : //www.cs.gmu.edu/∼eclab/projects/mason/projects/schelling

Another popular model was introduced by Epstein and Axtell (1996) and
is called Sugarscape. With Sugarscape the authors created an artificial society
to study the emergence of complicated social structures. Similar to Schelling’s
model agents move on a lattice and follow simple rules. The environment provides sugar, a resource the agents need to consume in order to survive. Thus,
agents search for sugar within its view, eat and consume it with a metabolic
rate, and die when it runs out of it. The agents are heterogeneous in their level
of vision and their metabolic rate. The simple rules of this model lead to interesting migration patterns. The surviving agents move towards the richest zones
of the landscape and ensure the survival of the population (Figure 1.8). The authors also introduced different extensions of the model, including demographic
components, such as a finite life duration and sexual reproduction. Culture and
different races are modelled, by introducing an other type of agents, simulating
the emergence of cultural segregation. By introducing a second resource (spice)
and simple trade rules, a market emerges. Finally, infectious disease is modelled, simulating epidemics. Due to the additional interaction rules this artificial
society is capable of linking demography, economics, cultural adoption, genetic
evolution, combat, environmental effects, and epidemiology.
These two models are popular because they are simple and yet capable of
broad interpretation. Though these are the most common applications, there
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Fig. 1.8: Agents on the Sugarscape landscape at the beginning of the simulation and
after 50 time–steps.
Ref.: http : //repast.sourcef orge.net/repast 3/examples/index.html

have been many others on social interaction and networks. The majority of applications are threshold, epidemic, and diffusion models that capture the effects
of interaction (on the micro- level) on the macro- level outcome. These interaction models have been applied to a wide range of social phenomena, including,
for example, outbreaks of crime or violence (Wilhite, 2005; Epstein, 2006b), the
adoption of technological innovation (Zhang and Nuttall, 2007), the dissemination of culture (Axelrod, 1997), market dynamics (Janssen and Jager, 2003),
smoking behaviour (Axtell et al., 2006), and the timing of retirement (Axtell
and Epstein, 2006).

1.6 Agent Based Simulation Tools
As the use of agent-based models for research of different fields is increasing,
also the number and quality of freely available software platforms for these
simulations grows. During the last years numerous frameworks and libraries for
simulations where developed, but only a few tools are used commonly in the
social sciences.
One of the first tools that was used widely was Swarm1 . Swarm is a collection of open-source libraries, that were originally developed at the Santa Fe’
Institute in New Mexico. The libraries are written in Objective-C but are now
also available for simulations in Java. The architecture of Swarm enables the
implementation of models in a large variety of research fields.
After Swarm, several other standardized libraries emerged that were developed in Java right from the start. The most common ones are Repast, and
MASON, both strongly influenced by Swarm.
1

http://www.swarm.org
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RePast2 (REcursive Porous Agent Simulation Toolkit) was originally developed at the University of Chicago and is now especially used for research in
social science. For Repast numerous good tutorials and a mailing list are available which ease getting started. Repast is available in three versions Repast J for
Java, RePast.Net for the Microsoft.Net framework and Repast Py for Python
Scripting. The newest Repast product Repast Simphony (Repast S) is more
than a collection of libraries. It is a modelling environment (see below) that
is supposed to simplify the model creation and use. The environment includes
flowcharts, graphing tools and automated connections to external tools.
MASON3 (Multi-Agent Simulation of Networks) is another open-source library in Java that was designed with focus on high execution speed. This
library was developed by the George Mason University’s Evolutionary Computation Laboratory and the GMU Center for Social Complexity. It offers a 3D
visualization and the opportunity to record movies of a running simulation.
The advantage of these libraries is that they can be included to any simulation and thereby save the work of writing and validating every routine from
the scratch but still offer the flexibility to make any necessary changes for the
modeller’s own purpose. Their disadvantage is that the modeller needs full
knowledge of the respective programming language (eg. Java) to develop a
model. In contrast to these libraries, modelling environments provide complete
systems in which models are created, which eases the building–process.
The most popular platform of this kind is NetLogo4 . This tool was designed
especially for educational purpose and is therefore clear represented and provides additionally to a substantial tutorial also a large number of examples. Its
clearly structured interface and its simplified language also allows unexperienced
researchers to quickly create simulations. Unlike the previously mentioned tools,
NetLogo models are not object-oriented but programmed procedurally.
These four platforms are the ones mostly used for scientific purposes, but
there are many more tools available (see Tobias and Hofmann, 2004). When
building an agent-based model the choice of the appropriate toolkit can therefore
be the first challenge. Therefore some scholars dealt with the question when to
use which software and provided comparisons of different programming libraries.
Although not all authors agreed on the ranking of the software, mostly due to
a different focus, their work is nevertheless informative and very helpful.
Tobias and Hofmann (2004) aimed to identify the framework that is best
suited for theory and data based modelling. The authors compare four tools,
Repast and Swarm Quicksilver and VSEit, and developed a rating system for
three criteria. These criteria consists of 1) some general criteria, evaluating
documentation and support, 2) the support for modelling and experimentation
and 3) the modelling options, rating the possible number of complex agents and
the possibility of generating networks. Their rating system makes Repast the
clear winner, being superior to all the others in nearly all considered criteria.
2
3
4

http://repast.sourceforge.net
http://cs.gmu.edu/eclab/projects/mason
http://ccl.northwestern.edu/netlogo
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Similarly, Arunachalam et al. (2008) also use different criteria to evaluate
the simulation software. Here, the four criteria groups are design, model specification, model execution and documentation. The authors compare five toolkits,
NetLogo, Repast, Ascape, MASON and DIVA, and focus on assessing the tools
from the perspective of the environment, and the interactions between the agents
and the environment. They specify and execute a simple simulation model in
which the environment is represented as a graph. The total rating shows that
when focusing on the environment the winner would be NetLogo, although it
did not best for all criteria.
NetLogo did also well in a comparison with Repast and Swarm by Robertson
(2005). The main focus in this work was to find a tool that can be incorporated into teaching. The authors conclude that NetLogo is most appropriate
for setting up simple simulations while Repast would be better to use for more
extensive or more sophisticated models.
Also Railsback et al. (2006) who review the ease of use and the execution
speed of MASON, NetLogo, Repast and Swarm, state NetLogo to be the most
professional platform in its appearance and documentation. To test the execution speed the authors implemented a series of example models. For more
complex models MASON and Repast are clearly faster than the other tools,
whereas for really simple models Swarm performs better. Although execution
speed of NetLogo for complex models is relatively weak, the authors declare this
not to be a significant limitation for most applications, especially compared to
the potential reduction of programming time, since they found that they could
implement all models in NetLogo with far less effort than for other platforms.
Only Perrone (2005), who discusses general principles of the environments
StarLogo (the precursor to NetLogo), Repast, Ascape and Swarm, evaluates
Swarm to be seemingly the most powerful, but also mentions that it’s the most
difficult to learn.
It is obvious that the choice of the simulation software depends a lot on
the focus of the model and personal preferences. Bergen-Hill et al. (2007) even
argue that the choice of the toolkit should depend on the phase of the model’s
development. They suggest changing the toolkit during the different stages: to
use a simple programming environment like NetLogo, which allows fast development for prototyping models, and later use a system capable of distributed
batch-runs like Repast.

1.7 Models
The following chapters of the thesis introduce three examples of modelling social
interaction with agent-based models in a demographic context.
The ‘Wedding Ring’ model simulates a society where heterogeneous individuals search for a partner to marry. We model male and female individuals
and their social interactions with a group of relevant others. In our model an
individual’s chance of marrying depends on the availability of potential partners
and his/her willingness to marry is driven by the share of married people within
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his/her group of relevant others. Thus, social influence is the key force driving
the process of first marriage. We investigate which functional form is best suited
for modelling the social influence and analyse the sensitivity of results with respect to changes of the parameters characterizing the functional form. The aim
of the model is to explain the emergence of the typical shape of the hazard
of marriage from the bottom-up. Hence, the marriage behaviour is not given
exogenously by any marriage rates or probabilities. As input for this model we
use empirical age specific fertility rates with which married couples may have
children. The social network in this model is build as a two–dimensional lattice,
with one periodic dimension and one open dimension, leading to the surface of a
cylinder. Thus only close agents are chosen as peers. The Wedding Ring’ model
is developed in NetLogo. The results of our experiments show that micro-level
behaviour and social interaction can reproduce age at marriage patterns with
both realistic shape and realistic micro-level dynamics. This work has been
published in Billari et al. (2007).
The second marriage model studies the impact of the network structure on
the diffusion process of marriage. The design of the model is similar to the one of
the ‘Wedding Ring’ model. Again we model female and male agents, the social
interactions with their peer groups and their search for potential partners. An
individual’s chance of marrying depends on the availability of potential partners, while the desirability of marriage is modelled through the influence of the
network of relevant others. The social influence is given by a s-shaped function.
Unlike the first model, where the social network is modelled as a lattice, the
underling network structure in this model is varied to show its impact on individual decisions and its relevance for the macro-level outcome. The network
structures that we include differ in their characteristics of clustering and average
distance. The aim of this model is to identify most important factors that have
to be considered when modelling social networks for demographic applications.
We start our simulations with artificial populations initialized with empirical
data of the Austrian population structure. Similar to the previous model, the
marriage behaviour is not given exogenously by any marriage rates or probabilities but emerge endogenously through the interaction with peers. The diffusion
model is implemented in MASON. The results show that the characteristics of
the underlying network have a major effect on both the hazard of marriage and
the resulting proportion of married individuals in the population.
The last model simulates the transition to parenthood. In this model partner search is ignored and the availability of a partner is assumed. We model
only female individuals who decide whether to give birth to a child. Their desire to have a child increases with the number of mothers within their social
network. This is formed endogenously on the agent’s characteristics. An agent
has four characteristics: age, education, intended education and parity. These
characteristics are used to measure the social distance between individuals. Individuals then choose their peers with a probability that decays exponentially
with this distance. This probability allows us to experiment with different levels of homophily within the networks. The aim of this model is to explain the
change (rather than the emergence) of the shape of birth rates over a time period
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through the effects of social interaction. For the simulations we create artificial
populations using empirical data of the Austrian population structure for the
initialization. Moreover we start the simulation using empirical birth probabilities, which change during the simulation according the changing behaviour of
the agents, which emerges from the effects of the social networks. The parenthood model is developed in Repast J. Versions of this work have been published
in Aparicio Diaz et al. (2007a,b, 2010). The results indicate that our model is
capable of explaining the change of birth rates over a time period and further
demonstrate the role of homophily within a network.

2. THE ‘WEDDING-RING’: AN AGENT-BASED MARRIAGE
MODEL BASED ON SOCIAL INTERACTION1

2.1 Introduction
The timing of marriage has been studied from two different perspectives in the
empirical literature in the social and behavioural sciences. On the one side,
demographers and sociologists have focused on explaining and modelling important stylized facts such as the typical shape of age–at–marriage curves; their
analytical strategies have usually relied on mathematical and statistical macro–
level models. On the other side, psychologists and economists have focused on
studying and modelling the process of partner search; micro–level assumptions
have usually been at the heart of this approach.
More recently, agent–based modelling has been proposed as a convenient
approach to build models that account for macro–level marriage patterns while
starting from plausible micro–level assumptions. This is particularly important
in marriage models because agent–based models allow for realistic hypotheses on the interaction between heterogeneous potential partners that typically
takes place in the marriage market (see e.g. Todd and Billari, 2003; Simão and
Todd, 2003; Todd et al., 2005; Aparicio Diaz and Fent, 2006). The study of
the emergence of macro–level outcomes from micro–level models that contains
social interactions allows to bridge the micro– and macro–level perspective from
‘the bottom-up’. This approach is very widely used in agent–based models, for
which the application to demographic choices has been recently advocated (see
e.g. Billari and Prskawetz, 2003). The macro–level outcome that has been studied the most is the age pattern of marriage, which demographers have shown
as being characterized by constant features over time and space (see e.g. Coale,
1971; Coale and McNeil, 1972).
Partnership formation is by definition social interaction itself. In contemporary societies, the great majority of potential partners meet each other, talk
to each other, have sex before cohabiting or getting married. Nevertheless, important scientific evidence signals that social interactions taking place in the
marriage market are not limited to those between potential partners. Indeed,
the study of the impact of what ‘relevant others’ think and do on key decisions concerning our lives — such as getting married and having children —
has emerged as an important field of research (see e.g. Bongaarts and Watkins,
1996). Montgomery and Casterline (1996, 1998) identify two distinct processes
1

This work has been published in Billari et al. (2007).
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through which relevant others matter: first, ‘social learning’, reflecting acquisition of information in a network; second, ‘social influence’, reflecting the power
relevant others might exercise over an individual through authority, deference,
and social conformity pressure. While most results on social learning and social
influence refer to contraceptive and fertility choices in the developing world,
recent evidence from qualitative surveys shows that both social learning and
social influence are among the important factors in the decision to get married
in a contemporary society (Bernardi, 2003).
What relevant others do is a key mechanism in the influential macro–level
diffusion model of age–at–marriage proposed by Hernes (1972). Hernes’ model
is built on the assumption that a diffusion process takes place within a cohort
of individuals, with the share of married ’peers’ influencing the propensity to
marry. In the Hernes’ model case, the assumption is that members of the same
cohort constitute the influential peer group. In the original Hernes paper, the
assumption is mostly justified on the casual evidence of everyday life.
In what follows, we join the essentially micro–level research tradition focusing on social interaction with the macro–level ideas pioneered by Hernes on
age–at–marriage patterns. We refer to social interaction in general, although
the role of social learning is likely to be more important than the role of social
influence. We thus build a marriage model starting from the micro–level, including social interaction (or, as, we call it, ‘social pressure’) as the key force
driving the marriage process. Our aim is to let the typical macro–level shape of
age–at–marriage patterns emerge from the bottom-up, as an outcome of our assumptions on individual behaviour and social interaction. More specifically, we
assume that agents belonging to the social network of an agent — the ’relevant
others’ — influence the desire of an individual to get married. The actual realization of such desire is mediated by the characteristics of the marriage market
(i.e. the availability and location of potential partners). As two partners get
married they start having children, and our model simulates the population dynamics that follows. Similarly to Todd and Billari (2003) and Todd et al. (2005),
the macro–level outcome against which we test our model is the shape of the
hazard of marriage, i.e. the age–specific probability of marrying conditional on
not having married by a certain birthday.
From various sources, we know that the hazard of marriage has an asymmetric non–monotonic shape. In addition, hazard rates tend to converge to a level
close to zero at later ages. This curve has been modelled in various ways from a
macro–level perspective. The most widespread models are the ones proposed by
Coale and McNeil (Coale, 1971; Coale and McNeil, 1972) — see Kaneko (2003)
for a recent generalization of the Coale-McNeil model — and by Hernes (1972).
Figure 2.1 (from Todd et al., 2005) shows the empirically observed functions for
men and women in three populations of the late twentieth century: Romania,
1998, and Norway, 1978 and 1998. In all the cases shown in the figure, the rise of
age–specific probabilities is faster than its decrease. Although the shape of the
curve looks rather different for Norway 1998, where non–marital cohabitation
is widespread, it can still be described qualitatively in a similar way.
The remainder of this chapter is structured as follows. In Section 2.2, we
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Fig. 2.1: Hazard function for marriage in European populations. Source: Todd et al.
(2005), elaborations on Eurostat, New Cronos database.

discuss the theoretical framework and the hypotheses that guide our modelling
strategy. In Section 2.3, we present our agent–based model, which we call the
‘Wedding Ring’. In Section 2.4, we describe the implementation of the model.
Simulation results are discussed in Section 2.5. Results of sensitivity analysis
are described in Section 2.6. Section 2.7 briefly summarizes and discusses our
findings, together with giving some implications for future research.

2.2 Social Interaction and Marriage: Theory and Hypotheses
For a given individual, the set of ‘relevant others’ consists of people who are close
to her/him, i.e. the member of her/his ‘social network’. Closeness is a feature
that can be modelled in a relatively straightforward way within an agent–based
framework. In our context, the term ‘close’ refers to a distance that may represent a spatial distance (i.e. neighbours are potentially relevant others), but
might as well represent a distance in terms of kinship, age, education, professional occupation, and so on. Closer individuals are more likely to get married:
homogamy in marriage is observed along various dimensions such as ethnicity,
religion, socioeconomic status, and even attractiveness, intelligence, height has
been clearly documented (see e.g. Kalick and Hamilton, 1986; Kalmijn, 1998;
Coltrane and Collins, 2001).
The size and characteristics of an individuals’ social network may vary with
individuals’ characteristics. An important result is that the number of relevant
others increases with age during youth and adulthood, at least up to ages that
are important for processes such as getting married or having children, and
decreases thereafter (see e.g. Hammer et al., 1982; Marsden, 1987; Morgan,
1988; van Tilburg, 1995; Völker and Flap, 1995; van Tilburg, 1998; Due et al.,

2. The ‘Wedding-Ring’ Model

21

1999; Micheli, 2000; Wagner and Wolf, 2001).
If one needs to operationalize the importance of social interaction in the decision to get married, besides the mere effect of availability of a partner around
oneself, we can look at how relevant others behave. The literature on social interaction has shown that relevant others provide information (i.e. social learning),
and trigger normative influence (i.e. social influence). Both social learning and
social influence might trigger the diffusion of marriage within a social network
(Montgomery and Casterline, 1996, 1998). Normative pressure, as assumed by
Hernes (1972) plays a key role especially as it might depend on an individual’s
age. Moreover, if we assume that marriage makes people happy at least for a
while (see e.g. Clark and Oswald, 2002; Kohler et al., 2005), also social learning may trigger the same effect. It is therefore likely that the share of married
people among the relevant others in one’s social network has a positive impact
on an individuals’ desire to get married (Bernardi, 2003). This was the key
assumption of the macro–level diffusion model developed by Hernes (1972).
In our model, we assume that as the share of married individuals within a
certain social network increases, also the social pressure to get married among
those not yet married within that network increases. The social network is linked
to a neighbourhood, and it is located in a theoretical multidimensional space
(age, spatial location, kinship, education, professional occupation, etc.) that we
however reduce to two dimensions (age and location). This hypothesis implies,
as Hernes (1972) has shown that a diffusion process takes place, with the already
married affecting the not yet married population. One important difference with
respect to macro–level diffusion processes that are usually built to explain the
transmission of infectious diseases is that in case of marriage it is not sufficient
to get ‘infected’ by married people. A person who experiences a high level of
pressure through social interaction and who might, as a consequence, intend to
get married, also needs to find a partner who is not yet married. This partner
will usually also be somebody within the individuals’ social network. Hence,
the highest incidence of marriage occurs within a social network exhibiting a
relatively high share of both married and unmarried persons. On the contrary,
in case of an infectious disease an individual who is in contact with an almost
entirely infected population (and who is susceptible) experiences the highest
exposure to the risk of getting infected. An agent–based framework allows to
fully incorporate the problem of finding an available partner within a diffusion
approach. We model first marriage as an irreversible process.

2.3 An Agent-Based Model: The ‘Wedding Ring’
Ideas and hypotheses discussed in previous sections feed into the agent–based
model we develop. In our model, agents live in a world which is arranged along
a circular line — due to the analogy with a wedding ring, this circle may also
be called a ring. The model itself is thus called ‘Wedding Ring’.
The spatial location of each agent is entirely determined by its angle, ϕ ∈
[0, 2π]. The advantage of locating agents along a circular line is the fact that
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each agent’s neighbourhood is located entirely into the circular line. An open
interval (with two distinct ends) would require special treatment for the agents
located close to the ends of the space. If we think about spatial location of
agents, a ring is a simple analogon to the real world, where we all live on a
surface approximating a sphere. Approximating the world by a ring may also
be appropriate with respect to kinship and professional occupation.2
Our model uses a yearly time scale. We use age (in years) x, the main
covariate in existing marriage models, as the second main coordinate of agents.
We may therefore imagine the agents in our model as distributed within a space
that can be regarded as the surface of a cylinder (cf. Figure 2.2)—i.e. a ring
with a height equal to the length of life.
We define the social network of relevant others as containing a random number of agents located within a two–dimensional neighbourhood on this surface.
This two–dimensional neighbourhood is usually symmetric with respect to the
agents spatial location. We also allow for asymmetric intervals with respect
to age, reflecting the fact that some individuals may be more accustomed to
deal with younger people, while others may be more accustomed to deal with
older people. The maximum amplitude of this heterogeneity is determined by
a numerical parameter γ (see Section 2.4).

Fig. 2.2: Implementation of the agent based model.

The proportion of married people within the network of relevant others, pom,
2 However, an open interval might be a better choice for modelling characteristics with a
rank order. Since this modification did not affect the results of our simulation, we only present
the outcomes produced on a circular environment in the following sections.
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determines the social interaction effect (for simplicity, we use the term ‘social
pressure’ to mean social interaction effect, including both social learning and
social influence from now onwards). Social pressure is defined as a function of
pom:
exp(β(pom − α))
sp =
,
(2.1)
1 + exp(β(pom − α))
where α and β determine the inflection point and slope of the function (cf.
Figure 2.3).
The level of social pressure sp together with an agent’s age influence ai determine the size of another two-dimensional interval (which we term ‘acceptable
range’) our agents consider when looking for a potential partner. Thus, an increase in social pressure extends the range considered for an acceptable partner
and, consequently, increases the chances to find an acceptable partner and to
get married. The acceptable range may vary with age. The main justification
is that, as we have seen, the literature shows that the size of the social network
varies with age. More specifically, Marsden (1987) found that the overall network size is highest between ages 21 and 38. We thus model the role of age in
the acceptable range as a function which increases at very young ages, is highest
among the middle-aged and drops with age at an increasing rate (Figure 2.4).
While the set of relevant others includes individuals of both sexes, only
agents of opposite sex may be married.3 Todd and Billari (2003) explicitly
investigated the differences between one–sided and two–sided (mutual) search.
We here restrict our analysis to mutual search since this is a more realistic view
of the partnership formation process and it does not add excessive complexity
to our model. As a consequence, if there is any unmarried agent B of opposite
sex within the acceptable range of agent A, it is checked whether agent A is also
within the acceptable range of agent B. The two agents may get married only
if this condition is fulfilled.
Whenever two agents A and B get married this has an impact on the social
pressure of those agents who consider A or B as belonging to their network
of relevant others. After marriage, agents may bear children. Children need
to be positioned in our ring: they are randomly located somewhere within
the neighbourhood of their parents—of course they start their life at age zero.
Therefore, the social relationships of parents are somehow transmitted to the
next generation through location.
Some people get married independently of social pressure. We allow for this
possibility by assuming that social pressure is strictly positive even if the share
of married agents among the set of relevant others is zero. This is equivalent to
adding a constant positive number to the social pressure function and therefore
to allow for marriages that are independent of social pressure. A similar strategy
is used in Billari (2001) to model the formation of first unions that is independent
on a given diffusion process.
3 In our model we do not deal with homosexual relationships since the mechanisms of social
influence and union formation for those agents might be more complex and it is questionable
whether the inclusion of this group has any impact on heterosexual union formation.
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2.4 Model Implementation
We implement the Wedding Ring model using the software package NetLogo
(Wilensky, 1999), which is a programmable modelling environment for building
and exploring multilevel systems. Each agent possesses the following characteristics: a numerical identifier i, year of birth b, age x, sex s, spatial location
ϕ, length of the symmetric interval in which an agent searches for a potential
partner d, social pressure sp (cf. equation 2.1), marital status m, relevant others relots and potential partners pop, which include all agents of opposite sex
within the search interval. Note that except the numerical identifier, the year
of birth and sex, all other characteristics are time–varying.
We initialize the simulation with a starting population of N individuals characterized by an age distribution that approximates the one of the United States
in 1995. We choose sex and marital status randomly assuming a sex ratio at
birth of 1.048 and the age and sex specific marital status of the U.S. population
in 1995. This initial population is only chosen for the purpose of starting with
a realistic age–distribution but it does not directly affect the simulation results.
The model is in fact simulated for a time span of 150 years and results are collected concerning an entirely artificial society that does not contain any agent
from the initial population.
In order to define the network of relevant others for each agent we consider
five different kinds of agents: (a) those who are influenced by younger and older
agents similarly; those who are only (b) or mostly (d) influenced by younger
agents or by agents of the same age; those that are only (c) or mostly (e)
affected by older agents and by agents of the same age (see Figure 2.5). To
choose the appropriate set of relevant others we first choose the type of the
agent, drawing a random number among the discrete distribution (1, 2, 3, 4, 5)
which denotes the five possible shapes of age intervals illustrated in Figure 2.5.
Next, we randomly choose a parameter γ ∈ [0, γ̄] which determines the midpoint
of each age interval. In case of an agent of type (a) we do not need to choose
γ since the interval will be located symmetrically around the age of the agent.
The width of the interval is determined by choosing another random variable
a ∈ [0, ā]. The interval for the spatial dimension is symmetric around the spatial
location ϕ of the agent and we assume that it depends on the number of agents in
the initial population in order to avoid a dependence of the number of relevant
others on the size of the total population. Among the set of agents located
within the chosen age and space intervals, agents choose a random number of
agents to be their respective relevant others. Once we have defined the interval
for relevant others, the share of married agents in this interval will determine
the social pressure sp as given in equation 2.1, with sp = 0.05 for pom = 0.
In a final step, we need to determine the space that includes potential partners. Essentially it is given by transforming the value of the social pressure into
a distance d = sp(pom) ∗ n(N ) ∗ ai(x). The social pressure sp increases with
the proportion of relevant others who are married (pom) (Figure 2.3) and the
multiplier ai reflects the variation of network size with age x (Figure 2.4). The
factor n depends on the number of agents in the initial population, thus avoiding
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Fig. 2.5: Determination of the network of relevant others.

that the probability of finding a partner is influenced by the population size.
The range for potential partners is then equal to [ϕ − d, ϕ + d] along the spatial
dimension. The parameter m, which is given as 180 ∗ 180/N , assures that an
agent in a small population (e.g. a starting population of 180 agents) searches
the whole ring for a partner as soon as his social pressure becomes 1 (or even
earlier in an even smaller population), whereas an agent in a big world never
uses the whole ring for his partner search. The range for potential partners along
the age dimension is equal to [x − sp(pom) ∗ ai(x) ∗ c, x + sp(pom) ∗ ai(x) ∗ c]
where c is a positive constant set equal to 25.4
During each simulation year, the agent ages by one year, and she/he dies
off when reaching age 100. Agents who reach the marriageable age of 16 start
searching for relevant others. The share of married couples among the network
of relevant others determines the social pressure function, which then determines
together with the age of the agent the region in which unmarried adult agents
look for potential partners. In case an agent finds a potential partner, it is
checked if the agent herself is among the set of potential partners of his partner.
If the latter condition holds, the two agents get married. Figure 2.6 summarizes
the implementation of the agent based model in form of a flow diagram.
Married couples give birth to new agents with a probability proportional to
asf r(x) (i.e., the U.S. age specific fertility rate of 1995), in which x is the age
of the bride. Fertility is adjusted to keep the size of the population constant.
New born agents are randomly located within an interval which is twice as large
as the mothers interval of relevant others. Note, that except year of birth and
sex which is randomly chosen assuming a sex ratio at birth of 1.048, all other
characteristics are missing during childhood. At age 16 these characteristics are
4 Note, that the product sp(pom) ∗ ai(x) will be between zero and one. By multiplying the
product by a constant c we postulate that the maximum age difference considered for the set
of potential partners will be 25 years.
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initialized in a way that is similar to the initial population.
The age–interval to look for relevant others is [x − ā, x + ā] and we set
the length of this interval equal to four years, i.e. ā = 2. For the function
determining the social pressure we use α = 0.5, β = 7 as the benchmark. For
the heterogeneity of the agents with respect to the age interval that determines
their network of relevant others we choose γ̄ = 2.

2.5 Simulation Results
We now discuss the results we obtained by running simulations with a population
size of N = 800. We are mainly interested in the hazard of marriage, in order
to compare the results obtained from the simulation with macro–level data on
age–at–marriage. Since the population contains only 800 agents, the observed
hazard functions exhibit rather erratic patterns. In order to smooth the hazard,
we collect the data of 75 consecutive cohorts and take the average hazard of 100
simulation runs.
Applying the benchmark setting for the parameters and postulating that the
acceptable range for potential partners is only determined by the social pressure
and independent of the age of the agent, we obtain the hazard function shown
in case A of Figure 2.7a and Figure 2.7b for women and men respectively.
The fact that hazard of marriage peaks immediately at very young ages and
then decreases almost monotonically is in contrast to the typical right–skewed
bell–shaped distribution observed in empirical data (cf. Figure 2.1). Todd
et al. (2005) shown that one may obtain a closer fit to the empirical hazard
function by introducing heterogeneity among agents (in their case, heterogeneity
in the length of adolescents that regulates the beginning of mate search). In
our model it is possible to propose an alternative mechanism that is closer to
empirical results on social interaction. As discussed in Section 2.3, network size
varies over the life course. Including the age dependency of the network size to
determine (through social pressure) the acceptable range of potential partners,
results in the emergence of a hazard that is qualitatively similar to the one that
is well–known (case B, in Figure 2.7a and Figure 2.7b). 5
To demonstrate that social pressure is a necessary mechanism (in addition
to the age influence on the network size) we run further simulations, in which
we keep social pressure constant for the whole age interval (case C). (Figure 2.8
plots all alternative functional forms of the social pressure that are applied
in the simulations.) Assuming a constant level of social influence results in a
steep increase in the marriage hazard function that falls off strongly at middle
ages. At higher ages almost no one will marry although the age influence on
the acceptable range of potential partners is highest for middle–aged agents.
Compared to case B, for which social pressure increases with age since more
people will be married among the relevant others, case C ignores the increase
5

The fact that the hazard rates are lower for men compared to women can be explained
by the fact that the sex ratio at birth implies more men than women and therefore more men
stay unmarried in our simulations.
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in social pressure with age.
Further we show that the choice of an s-shaped function is crucial by simulating the model in the case that social pressure increases linearly (case D). In
this case, the hazard of marriage at younger ages is higher due to the higher
social pressure at lower marriage proportions and the decay is steeper due to
the lower social pressure at higher proportions. There are hardly any marriages
above age 40 (case D).
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Fig. 2.7: Hazard of marriage in a population of simulated agents with alternative settings for social pressure. a. Women. b. Men

2.6 Sensitivity Analysis
In this section we test the sensitivity of our results when different key parameters
are varied. Since the share of married agents among relevant others (pom) within
different age–groups plays a key role in determining the age–specific hazard of
marriage we compare this share across the alternative parameter settings.
Figure 2.9 plots the share of married agents within the set of relevant others
for single, married and all agents applying the benchmark parameter settings of
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Fig. 2.8: Functional form of social pressure applied in Figure 2.7a and Figure 2.7b.
(fixed sp for pom = 0 - see Section 2.4)

case B in Figure 2.7. The low proportion of married relevant others for single
agents indicates that agents stay single when they are situated in a group of
singles, whereas agents who get married associate themselves with couples.
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Fig. 2.9: Proportion of married agents within the network of relevant others

To carry out some sensitivity analysis, we compare the share of married
agents among relevant others (pom) for singles only (Figure 2.10). We choose
the simulation setting of case B in Figure 2.7 as our benchmark, i.e. we assume a
social pressure function that increases with the share of married peers (and thus
with age) and allow for variations in the network size over age. The benchmark
parameter setting is α = 0.5, β = 7, ā = 2, γ̄ = 2. In comparison to the
benchmark settings, we alternatively choose γ̄ = 0 and γ̄ = 5, i.e. we exclude
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any asymmetry and alternatively increase the asymmetry of the age interval
that contains relevant others. Our results indicate for both scenarios higher
proportions of married agents among the set of relevant others compared to the
benchmark scenario. In case of no asymmetry we see a steep increase at young
ages. Due to the symmetry most agents marry at nearly the same (young) age.
These early marriages lead to a higher level of pom at all ages as the willingness
to marry spreads.
An increase in the asymmetry (γ̄ = 5) implies an increase in the variance
of the age groups of agents in the set of relevant others. Some agents are only
influenced by much older agents, which is leading to an early marriage. Other
agents are influenced only by much younger agents, which allows marriage at
higher ages (because social pressure increase at higher ages). Hence, compared
to the benchmark, the proportion of married agents within the set of relevant
others is higher at younger ages and compared to the former scenario (γ̄ = 0) it
increases for a longer period. For both scenarios (γ̄ = 5 and γ̄ = 0) the hazard
of marriage will be above the benchmark case at all ages.
As a further alternative scenario we choose ā = 0, ā = 3, and ā = 5, i.e.
the length of the age interval within which agents search for relevant others is
respectively 0, 6, and 10 years. Thus, in the first setting we do not allow for
any age difference between an agent and the members of her network of relevant
others, while in the two other settings we expand the age interval as compared
to the benchmark scenario. Simulation results clearly indicate that an increase
in the width of the interval that contains relevant others implies an increase in
the proportion of married agents. The wider the interval the more likely young
agents are influenced by older agents who are more likely to be married. The
more agents marry at young ages the higher becomes the share of married agents
among relevant others for all age groups (the higher is the ‘infection rate’).
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Fig. 2.10: Proportion of married agents within the relevant others for different parameter settings

To test the sensitivity of our results with respect to changes in the functional
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form of the social pressure function we run simulations in which we change alternatively the inflection point and the slope of the social pressure function. The
alternative set of experiments is summarized in Figure 2.11a and Figure 2.11b
for women and men. The alternative forms of the social pressure function are
plotted in Figure 2.12. As the benchmark settings of our simulations we choose
again case B in Figure 2.7 (i.e. β = 7, α = 0.5). Our results indicate that if
the inflection point of the social pressure function shifts to the left (α = 0.45),
i.e. social pressure increases at each age, the resulting hazard increases mostly
at younger ages. A change in the slope of the social pressure function keeping
the inflection point the same (β = 8) implies a reduction in the hazard. Due
to social influence, lower marriage hazards at younger ages obviously translate
into lower marriage hazards at higher ages as well.
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Fig. 2.11: Hazard functions for marriage in a population of simulated agents with
alternative settings for social pressure parameters. a. Women. b. Men
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Fig. 2.12: Functional form of social pressure applied in Figure 2.11a and Figure 2.11b.

2.7 Summary and Discussion
Starting from the premise that partnership formation is by definition the outcome of social interaction between heterogeneous individuals, we built a marriage model starting from the micro–level, including social influence as the key
force driving the process of first marriage. More specifically our model implements two key factors intervening between social structure and marriage patterns (see Dixon, 1971): availability of mates and desirability of marriage. In our
population of agents, the availability of mates is modelled by considering the
set of potential partners, in particular also by the age–dependent network size,
and by the method of selection (two–sided search). The desirability of marriage
is modelled by considering explicitly the dynamics of social pressure.
The results of our simulations show that the agent–based model we propose
can reproduce the shape of the hazard of marriage that is typically observed
at the population level. In other words, the hazard function emerges from the
bottom–up in our model. The model we present includes a set of parameters
that need to be calibrated with actual data. However, our numerical simulations
indicate that the qualitative form of the hazard is rather robust towards changes
in parameters that determine the size of the set of relevant others as well as the
slope of the social pressure function.
The key determinants of the desirability of marriage in our model are a)
the social pressure to get married arising from the share of married people in
the network of relevant others; b) the variation of network size by age. More
specifically, through numerical simulations we demonstrated that the s-shaped
functional form of social pressure yields a qualitatively better reproduction of
the empirically observed hazard of marriage as compared to a constant or linear
form of social pressure. This is a first result that calls for a test in future
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empirical research.
Through an additional set of numerical simulations, we investigated the sensitivity of our results with respect to the parameters that determine a) the size
of the network of relevant others or b) the strength of social pressure by agents
who are already married in the network of relevant others. These parameters
have a pronounced effect on the share of married people in the network of relevant others and on the propensity to get married in general. An empirical
validation of those parameters for different societies constitutes an additional
avenue for further research.
The model lacks two components that may call for important generalizations
to be considered in the future. First, courtship: a couple who is already dating
decides to get married because of social pressure–i.e. availability and desirability
may play a role in different times. Second, marital dissolution: divorce may
trigger important social interaction effects per se, and also on the process leading
to marriage.

3. A MODEL ON THE DIFFUSION OF MARRIAGE: THE
IMPACT OF NETWORK STRUCTURE

3.1 Introduction
The age pattern of first marriage is very distinct and can be found in different regions, periods and socioeconomic groups (Coale, 1971; Coale and McNeil,
1972). Independent from quantitative differences the age-specific probabilities
always follow a rough bell shape that rises faster than it decreases. The qualitative similarities lead to the assumption that there is a general behaviour which
leads to the decision of marriage. To explain these typical patterns different formal models on behaviour have been introduced. One of the suggested models is
the diffusion model by Hernes (1972). This model assumes that marrying is a
contagious behaviour that spreads among the population. More precisely, it assumes that marriages are influenced by two counteractive processes. On the one
hand the share of married cohort members enhances the pressure on individuals
that are not yet married. This share increases with age raising the desire to
marry. On the other hand there is a decreasing marriageability of individuals
with age that result from some sort of decreasing social attractiveness and the
declining chance to find an unmarried potential partner. The combination of
the two effects leads to a diffusion process that produces the typical bell-shaped
pattern for marriage hazard rates. Diffusion models fit observed demographic
data well despite the assumption of a homogeneous population. Recently agent–
based computational demography has shown that including heterogeneity in the
population can lead to more realistic results, when modelling the emergence of
the distinctive marriage patterns (Conte and Pedone, 1998; Heiland, 2003; Todd
et al., 2005; Aparicio Diaz and Fent, 2006). Hence, in Chapter 2 of the thesis
(Billari et al., 2007) we created an agent–based model simulating heterogeneous
micro–level marriage behaviour. Following the ideas of Hernes, social interaction was modelled as the key force driving the marriage process. But unlike the
original Hernes model individuals are not influenced by their cohorts but by a
specific group of individuals, their relevant others. These relevant others influence the desire of an individual to get married, whereas the share of married
individuals within this group defines the intensity of the influence. Whether an
individual willing to marry actually marries additionally depends on the availability and location of potential partners. With this model we were able to let
the typical age at marriage patterns at the macro–level emerge from the bottomup, as an outcome of individual behaviour and social interaction. Further we
determine the effects of different influence functions (which define the influence
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exerted by the share of married peers), keeping the social network of relevant
others the same. In this chapter we will present a similar model focusing on the
effects of different network topologies.

3.2 Social Network Structure and Diffusion
Agent–based models have often been used to model diffusion processes. They
are especially suited due to the possibility to model individual decisions and the
interactions between the agents. In these diffusion models the social network
always plays a fundamental role as the medium for the spreading of information
or behaviour. Therefore there is an increasing number of studies that investigate
the direct effect of the network on the diffusion process.
Rahmandad and Sterman (2008) developed an agent-based model on the
diffusion of contagious disease and showed that the spread of a disease is affected by the structure of the underlying network. They conclude that the
choice of the network structure should depend on the research question. For
a disease diffusion model another structure might be useful than for studies of
innovation diffusion. Rolfe (2004) replicated the threshold model by Granovetter (1978) to investigate whether the network construction affects simulation
results. The agents in this model have the choice to participate or not to participate, whereas they won’t participate unless a specific threshold percentage
of their friends also participate. Simulations with different network structures
have shown that the network construction has a significant impact on the resulting partition rates. Lazer and Friedman (2005) present a model of information
sharing and show how network structures can affect system-level performance.
Individuals in this model, all try to solve a specific problem. They tackle the
problem by imitating others with whom they are connected and who are more
successful, trying completely new solutions only if non of the network members’
strategies performs better. They find that different network structures lead to
different performances in the dissemination of information as well as the velocity
of information. The results show that an inefficient network (where information spreads slowly) is better at exploration than an efficient network, allowing a
more complete search for solutions. Within networks where information spreads
fast agents soon converge to a local optimum, while agents within a slow network
explore a number of strategies which enables the finding of the global optimum.
Janssen and Jager (2003) present a model of market dynamics where individuals
interact and influence their decision which product to consume. They find that
beside other effects, the size and shape of the network have an important influence on how the market organizes itself. The shape of the network has serious
consequences for the number of products that dominate the market. Similar to
Rahmandad and Sterman (2008) they suggest that the network shape that is
most realistic may depend on the type of product. For status-relevant products
people may only be influenced by those who have higher social status, whereas
for technical products, they may turn to people with the most experience. Gaston and desJardins (2005) show that the network structure significantly affects
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the performance of an artificial social system. The authors present the results
of three different models to illustrate network effects. In the first model, an
innovation diffusion model, an agent’s willingness to adopt an innovation is influenced by the ratio of their friends that have already adopted the innovation.
The second model is an opinion formation model, where agents might spread or
change their opinions. In this model the possible influence of others is heterogeneous, thus some friends have a stronger impact on an agent’s opinion than
others. The social influence to change an opinion is the weighted sum of the
impact of all friends. For the third model, a team formation model, the network
structure works as a restriction for agents to team up. Agents try to form teams
of members with different skills to fulfil a specific task, but are only allowed to
search for members within their networks. The chosen network structure had a
significant effect on the performance of all three models. The authors conclude
that the choice of an appropriate network for each application is essential for
a good performance. Gould (1993) showed that behaviour spreads very differently through different types of networks. The author found that the structures
of interactions between individuals shape the spread of cooperation, even when
initial individual attributes and decisions are the same.
All these examples have proven the significant role of the network structure
for different kinds of diffusion processes. In the following chapter we will introduce an agent–based model with which we try to investigate the network’s
role for the diffusion of marriage. The aim is to find a social network structure
that is best suited for marriage diffusion models and reflects the actual process
best. The main difference between the models that have been introduced so
far and a demographic application is that in all those models mentioned above
agents are placed on a space which represents their distance from each other.
This distance is abstract though and does not represent any social differences.
When studying demographic behaviour it is of interest to see different behaviour
of social groups. These groups may differ in age, education, ethnicity, religion
etc., which would be reflected in the social network. Thus, the structure of a
social network would have one additional dimension for each characteristic. We
want to show what has to be considered when modelling a multi-dimensional
network structure, where each dimension represents a characteristic. Age is a
key variable, thus it is necessary to include at least age as a distance measure.
Therefore we will use a two-dimensional space, where one dimension represents
an agent’s age. To clarify the differences between a one-dimensional and a multidimensional network structure, we first create one-dimensional networks, where
each cohort represents its own population of interacting agents but without any
interaction between different cohorts. Then we use the two-dimensional space
for network creation and allow interaction among agents of different cohorts.
We will compare four common network types: complete1 , random, lattice,
and small world. In a complete network all individuals are connected and are
able to exchange information. In the original model by Hernes an individual
is influenced by her/his cohort members. Thus, the one-dimensional complete
1

The complete network is often denoted as fully connected network.
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network (the complete cohort network) is our benchmark network. An individual considers all agents with the same age as relevant others. The share of
married agents within a cohort enhances the pressure for the unmarried cohort
members. Hence, all unmarried agents of a cohort are exposed to the same
pressure. This network type can rather be interpreted as the influence of social
norms than the influence of personal networks.
The influence of a personal network would rather come from some selected
individuals whose opinions are important to the agent. In a random network
(Erdős and Rényi, 1959, 1960) individuals randomly choose n peers whereas
each individual has the same probability of being linked to any other individual
(of the same cohort, in the one-dimensional case). Considered that individuals
have different age, education, spatial location etc. it seems rather unrealistic
that they would choose relevant others completely randomly. It’s rather reasonable to be influenced by those individuals that are close in any sense. Therefore
in a lattice network individuals choose their closest n neighbours as peers. When
creating the one-dimensional network the n2 closest neighbours of each side will
represent the peer group. In a two-dimensional grid there are two different
ways to model this connection, depending on which agents are considered neighbours, since each agent has diagonal and orthogonal nearest neighbours. The
von Neumann neighbourhood considers the orthogonal neighbours, the Moore
neighbourhood in contrast, considers the orthogonal and diagonal neighbours.
Thus, in a von Neumann network an agent has four direct neighbours while in
a Moore network it has eight direct neighbours (see Figures 3.1 and 3.2). When
using the lattice network the distance between any two agents soon becomes
too large when the number of agents is increased, violating the ’six degree of
separation’ rule2 . Further, the clustering (especially in the one-dimensional and
the Moore network) becomes very high. Friends are shared perhaps too closely.

Fig. 3.1: von Neumann neighbourhood

Fig. 3.2: Moore neighbourhood

The small world network combines the characteristics of the random and the
lattice network. The average distance in this network is much lower than in a
lattice but the high clustering through the local structure remains. Small world
2 Six degrees of separation is the theory that any person can be connected to anyone else
on the planet through a chain of six acquaintances.
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networks emerge, for instance, as the result of randomly replacing a fraction P
of the links of a lattice network with random links (Watts and Strogatz, 1998).
Thus it interpolates between the two further network types lattice (P = 0) and
random (P = 1). As a result the average distance decreases while the density
stays high.

3.3 Model Implementation
In this model agents are created with a specific age, gender and marital status
and are located on a grid. The agents’ horizontal position on the grid represents
their age, their vertical position is random. The second coordinate could represent the spatial location, kin ship, education or professional occupation. As
agents age they move horizontally but their vertical position remains constant.
Thus each column of the grid represents a cohort of agents. The grid consists
of 80 columns, hence agents are removed from the model as soon as they turn
80. Agents younger than 15 are considered as children, who are not allowed
to marry. They become adults at the age of 15 and start their search for a
partner. Each agent is connected with a group of other agents with whom the
agent interacts. These agents, the relevant others or network members, influence an adult agent’s desire to get married. More precisely, the proportion of
married people within the network determines the social influence. This influence, in turn, determines the length of the search interval within which the agent
searches for a potential partner. We model the process of partner search as a
mutual search (Todd and Billari, 2003). Thus, if an individual has the desire
to get married and finds a potential partner within her/his search interval the
potential partner’s willingness to marry this agent (thus whether the agent is
within the search interval of the potential partner as well) is checked. If this is
the case the two agents may get married.
3.3.1 Social Influence and Partner Search
An agent aged 15 or older who is not yet married searches for a partner to get
married. An individual’s desire to get married is driven by the social pressure
exerted by the proportion of married agents (pom) within the network of relevant
others. Billari et al. (2007) investigated different functional forms for the social
influence and showed that a s-shaped function best reproduces the empirically
observed hazard of marriage. Therefore we model the social influence exerted
from the network as a s-shaped function,
sp =

exp(β(pom − α))
,
1 + exp(β(pom − α))

(3.1)

where α and β determine the inflection point and slope of the function (c.f.
Figure 3.3). We allow agents to have different inflection points α to represent the
individual attitude to marriage. This heterogeneity reflects the fact that some
individuals may react soon to changes within the social network, e.g. perceive
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the pressure to get married as soon as the first relevant other marries, while
others react rather late and do not perceive any pressure until the last network
member has married. The agents’ value for α is assigned randomly. The slope
β of the function is adjusted automatically according to the inflection point to
ensure that the possible values for sp always range from 0 to 1.
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Fig. 3.3: Social pressure function with different inflection points

The level of social pressure sp determines the length of the search interval
within which the agent looks for an acceptable partner. Thus, the higher an
agents’ social pressure the wider is the range considered for a potential partner
and hence, the better is the change of getting married. If an agent finds an
acceptable partner and gets married this in turn has an impact on the social
pressure (hence on the search interval - hence on the change of getting married)
of those agents who consider the agent as relevant.
3.3.2 Social Network
An agent’s social network exerts the pressure to marry and consists of those
agents that are considered relevant. Which agents are chosen as peers depends
on the underlying network structure. We distinguish four network types and
build them first as one-dimensional structures (thus, within each cohort) and
then as two-dimensional networks. When building one-dimensional network
structures we consider each cohort as a population of its own, where individuals
may interact. Agents are connected with cohort members but do not interact
with other cohorts. Thus, networks are build only based on the spatial location
of an agent. In two-dimensional networks also the second coordinate, the agent’s
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age, is considered for the network construction, hence, links between cohorts are
allowed as well.
Complete: As benchmark we use the one-dimensional complete network,
where each agent is linked to every other agent of its cohort. Thus, similar as in
the original model by Hernes, an individual is influenced by all her/his cohort
members. The share of married agents within the cohort enhances the pressure
for the unmarried cohort members. When we use the two-dimensional complete
network, individuals do not only consider cohort members as relevant others
but every other agent indifferent of age.
Random: The influence of a personal network would rather come from some
selected individuals whose opinion is important to the agent. Thus the second network type includes n individuals that are most relevant for an agent.
These relevant others are chosen randomly among cohort members (in the onedimensional case) or within the whole population (in case of the two-dimensional
network).
Lattice: The third network is the lattice, where only the closest n individuals
are chosen as peers. Thus, in the one-dimensional network the n2 closest agents
on each side of an individual become her/his relevant others.
When using the two-dimensional network, we distinguish two types: the von
Neumann network and the Moore network. In the von Neumann network only
the orthogonal neighbours are chosen (thus, agents with the same age and a close
spatial location and agents with the same spatial location and close age) and
in the Moore network also the closest diagonal neighbours are chosen (includes
also agents where both coordinates slightly deviate).
Small World: To create the small world network, first a lattice network of
the closest n individuals is created. Then a fraction P of the existing links
is exchanged with random links. In the one-dimensional case again, both the
closest neighbours as well as the random links are cohort members. In the twodimensional network we use the Moore network as the underlying lattice and
reconnect the fraction P with random peers chosen from the whole population.
3.3.3 Initialization of Agents
At the beginning of a simulation we create N agents. We use data from the
Austrian Census (Statistik Austria, 2005a, Table 8.06) to assign the agents’
characteristics age, gender and marital status (Figure 3.4). Hence, the initial
population resembles the Austrian population in 2001. The agents’ coordinates
on the grid consist of their age as the x-coordinate and a randomly assigned
y-coordinate.
We do not model fertility but create a number b of new agents during each
simulation step. The number b of new agents is chosen randomly being roughly
the same size as the youngest cohort of the initial population. These new agents
with age 0 are unmarried, get assigned a random gender (assuming a sex ratio
at birth of 1.047) and are placed randomly along the first column of the grid.
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Fig. 3.4: Distribution of the initial population

3.4 Simulation Results
In the following we discuss the results from simulations of the agentbased model
introduced above. We start the simulations with N = 6000 initial agents, let
them run for 50 years and collect the results of 50 consecutive runs. We present
the average hazard of marriage and the average proportion of married agents
for the different simulation sets.
3.4.1 The One-Dimensional Network Structure
First, we analyse the effects of the one-dimensional network structure on the
marriage behaviour. Thus agents are influenced by their network members who
are all part of the same cohort. First, we simulate the behaviour using the
complete cohort as peer group, which is the network structure that was used
originally by Hernes, and compare the results with those of the random network
and the lattice network. Figure 3.5 shows that both the complete network and
the random network lead to a hazard rate with the typical bell shape. In the
case of the complete network, where all cohort members are exposed to the same
pressure, the peek of the hazard is earlier than in the case of the random network
where agents are influenced by a randomly chosen group of relevant others. The
rise of the hazard is slower for the random network because the clustering of
the personal networks is, although still very low, higher than for the complete
network. In case of the lattice network the hazard is very different. Due to the
high clustering of the lattice network the marriage behaviour does not ’spread’
as in a network with low clustering (Table 3.1). Married agents do not reach all
the unmarried individuals to influence them. Hence, clusters of married agents
emerge while in other regions groups of individuals stay unmarried.
The effect of separate groups of agents who stay single gets lost when the
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Fig. 3.5: Hazard of marriage for alternative one-dimensional network structures

number of network members is increased. The more agents can be reached
and be influenced by a married individual the further the marriage behaviour
spreads. As can be seen in Figure 3.6 the maximum proportion of married agents
increases with the size of the lattice network and soon approximates the level
of the one simulated using the complete cohort as peers. (Since in this model
on average there are 80 agents per cohort the Lattice network with n = 16
members already covers a fifth of the cohort. For a simulation with more agents
the catch up will be slower.)
In case of the small world network, where based on a lattice structure a fraction P of peers are exchanged with random links, the average distance between
any two agents decreases, while the clustering stays high. We can see that already a relatively small fraction of random links enables the married peers to
reach a lot more single individuals. Due to the remaining clustering, the hazard
of marriage increases slower than in the random network (Figure 3.7), leading
to a higher mean age at marriage (Table 3.1).
3.4.2 The Two-Dimensional Network Structure
Next, we simulate the marriage behaviour using the two-dimensional social networks, and compare the results again with those of our benchmark network,
the complete cohort (one-dimensional complete network). In Figure 3.8 we
contrast the cohort network with the complete and the random network. The
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Tab. 3.1: Table of Network Characteristics and Resulting Mean age at marriage (mam)
and Maximum Proportion of Married (pm).

Complete
Random
Lattice
Small world P=5%
Small world P=10%

clustering
lowest
low
highest
high
high

distance
lowest
low
high
low
low

mam
27.24
28.62
26.45
29.67
30.36

pm
97.38
96.56
81.75
92.62
97.15

0

Proportion of Married Agents
.2
.4
.6
.8

1

obtained hazard of marriage is very different for the two-dimensional network
types. While the simulations using the cohort network produce a hazard with
the typical bell shape the network types complete and random lead to a hazard
that peaks immediately at the beginning.
Both networks do not consider age for the construction of the peer group,
hence the model can not produce age–specific behaviour. In the case of the complete network, where all agents are exposed to exactly the same social pressure,
the only driving force is the availability of potential partners, which decreases
with age. Due to the uniform social influence the mean age at marriage is only
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Fig. 3.6: Proportion of married agents for lattice networks with different network sizes
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Fig. 3.7: Hazard of marriage for alternative settings of the small world network (random = small world P = 100%, lattice = small world P = 0%, for all networks
n = 8)

18.3 years with a rather small heterogeneity within the population. Thus, the
proportion of married agents strongly increases for young ages and early reaches
its maximum level. In the case of the random network social pressure is also
independent from age, thus again the availability becomes the major factor.
The number n of relevant others of a randomly created network has no distinct
effect on the diffusion of marriage.
This finding also holds when including another dimension, representing a
relevant characteristic (like occupation, education, ethnicity etc.). To observe
a characteristic–specific behaviour it is necessary to consider this characteristic
in the construction of the network.
The lattice network can be modelled in two ways. One method is to allow
only orthogonal neighbours to become network members. Thus in this network,
the von Neumann network, one of the coordinates (hence characteristics) of a
network member has to be equal to the one of the agent. The second method
is to include both orthogonal and diagonal neighbours. This network structure,
the Moore network, includes also individuals who diverge in both coordinates
(characteristics). Figures 3.9 and 3.11 contrast the two methods and further
show the effect of the network size. Similar as in the one-dimensional case, the
lattice network is not able to let marriage spread as far as in the benchmark case.
In the two-dimensional case the decline of the hazard starts even earlier than in
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the one dimensional case. This happens due to an additional effect provoked by
the overlap of cohorts. The von Neumann network, for example, consists of one
fourth younger individuals and one fourth older individuals (Figure 3.1). Due to
the convex increasing proportion of married individuals at the beginning, young
individuals are stronger exposed to the additional positive influence of older
peers than to the additional negative influence of younger peers (Figure 3.10
- first interval). The deviation in the share of married within younger cohorts
is less pronounced than the deviation in the share within older cohorts. This
changes with increasing age, since the rise of the married share slows and becomes concave. Hence, with increasing age the deviation in the share within
younger cohorts becomes more drastic than the one within the older cohorts
(Figure 3.10 - second interval). Due to this effect the emerging hazard rate is
not bell-shaped but decreases too soon. Billari et al. (2007) solved this problem
by additionally including an age-effect that changes the networks composition
with age.
This additional effect is stronger for the von Neumann network than for
the Moore network, although the share of peers of other cohorts is higher in
the Moore network. For example a von Neumann network with 8 members
consists of two younger and two older agents, while a Moore network with 8
members has three younger and three older peers (Figure 3.1 and 3.2). However,
the maximum age difference of peers is, due to its structure, higher in a von
Neumann network. In the above example of networks with 8 members, all three
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younger peers of a von Neumann network is two years younger. Therefore the
proportion of married agents stays even lower for the von Neumann network
than for the one-dimensional lattice and the Moore network (Figure 3.11 and
Table 3.2).
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Fig. 3.11: Proportion of married agents for two-dimensional lattice networks using
different neighbourhoods and network sizes

Figure 3.11 and Table 3.2 indicate the effect of the network size of the twodimensional lattices on the diffusion of marriage. To make the effect more visible
we increased the size to n = 48. For the one-dimensional lattice an increasing
number of peers lowered the average distance and thus enhanced the accessibility
of single agents, which led to a higher diffusion. In the two-dimensional lattices
the network size additionally increases the cohort effect, described above. Young
individuals are influenced by even older peers resulting in a steep increase in
the proportion of married at young ages. This effect is again strongest for the
von Neumann network. Within the Moore network the proportion rises slower
but longer, since the second cohort effect as well is not as strong for the Moore
network as for the von Neumann network.

3.5 Discussion
Following the suggestion of Hernes (1972) to model the emergence of marriage
patterns with a diffusion model, we build an agent-based model to simulate the
marriage process as a consequence of social influence. We compare different

3. A Model on the Diffusion of Marriage

49

Tab. 3.2: Table of mean age at marriage (mam) and maximum proportion of married
(pm) for two-dimensional lattice networks using different neighbourhoods
and network sizes.

Complete Cohort
1-dimensional Lattice
Lattice - Moore - n = 8
Lattice - Moore - n = 48
Lattice - von Neumann - n = 8
Lattice - von Neumann - n = 48

mam
27.24
26.45
28.97
32.25
22.32
26.38

pm
97.38
81.75
86.12
97.11
66.15
86.52

ways to model the underlying structure of the social network that creates the
pressure on an unmarried individual.
The results show that the underlying network structure has a massive effect
on the diffusion process and not all types are capable of producing the typical shape of the hazard of marriage. For the network types within a cohort the
network characteristics clustering and distance are relevant. The hazard of marriage increases faster for networks with low clustering and the average distance
has an effect on the maximum proportion of married individuals. Further, we
find that to achieve characteristic-specific results, it is important to consider
closeness in the dimension that represents this characteristic. Nevertheless, a
higher-dimensional network structure that allows interaction between cohorts or
between different social groups can have additional effects that might be hard
to interpret.
For the modelling of two- or higher-dimensional networks the current modelling of the social influence function could be the limitation. We know from
the results that it is important to include age to the network construction to
get age-specific results. An extension for the higher-dimensional model could be
to include age (or any other characteristic of interest) as well in the calculation
of the social influence, because timing of marriage of the peers might have an
impact on the decision as large as the number of married peers. For example,
a 20 year old individual who has 25 year old friends who all got married at the
age of 24, might not feel the pressure to get married for 4 more years. Although
the share of married peers is already high at presents, the individual still got
time to adjust to her/his peers. On the other hand, the friends (no matter what
age) who married already before the individual’s current age might provoke an
even stronger pressure.

4. TRANSITION TO PARENTHOOD: THE ROLE OF SOCIAL
INTERACTION AND ENDOGENOUS NETWORKS1

4.1 Introduction
Human behaviour, including childbearing behaviour, is performed by socialized
actors deeply rooted in a web of social relationships such as those created by kinship, love, power, friendship, competition or interest. Beliefs, norms, services,
and goods are exchanged, traded, negotiated, and enforced within informal social networks of personal communities (Mitchell 1974). Within their social circle
of relationships individuals may exchange information about possibilities and
consequences of specific childbearing choices, learn about other persons’ preferences, form expectations on their future choices, feel induced to conform to
others norms about family–related behaviour, and modify their interpretation
of a specific behaviour.
Interpersonal interactions among these relatively small groups of individuals
produce social effects observable in macro–patterns of behaviour and demographic research on union and family formation has concentrated on the latter.
Empirical evidence increasingly suggests social interaction as an important determinant of demographic behaviour. Diffusion processes are currently an integral part of the literature on fertility decline (Knodel and van de Walle, 1979;
Watkins, 1987; Cleland and Wilson, 1987; Mason, 1992; Pollak and Watkins,
1993; Palloni, 1998). While most research is carried out in developing countries
some contagion models have been applied to union behaviour in the European
context (Nazio and Blossfeld, 2003). Diffusion approaches build on the idea that
social networks of kin, peers and institutions, in much the same way as markets
and legal and the administrative system, are potential communication channels
for ideas and behaviour (Granovetter, 1985; Rogers, 1995).
In socio–demographic research, social determinants due to social interaction gained relevance when the empirical evidence provided by the European
demographic history of the last century showed that regional patterns of fertility decline conformed very closely to linguistic, ethnic, and religious territorial
boundaries. Some socio–demographers interpreted these patterns as the result
of an undergoing ideational change diffusing ideals about smaller family size
across political borders but following cultural lines (Watkins, 1986; Bongaarts
and Watkins, 1996).
Consequently, the way in which attitudes, values, and norms spread within a
1

Versions of this work have been published in Aparicio Diaz et al. (2007a,b, 2010).
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population became central in research on family and fertility. The effects of social interaction mechanisms have been explored by using formal micro–analytical
models, their effects have been studied through non–agent–based simulations,
whose fit with observed fertility trends confirm the potential explanatory power
of social interaction mechanisms (Rosero-Bixby and Casterline, 1993; Montgomery and Casterline, 1996; Kohler, 2000, 2001).
In all these applications, social interaction enters fertility explanations, both
at the micro and macro level. Individual and population fertility are interdependent because the aggregation of individual fertility behaviour produces externalities (like the erosion of norms, pressure to conform, and path dependency of
the information exchange). Kohler (2001) efficiently summarizes the features of
this micro–macro link: a) social interaction can alter the distribution of knowledge in the population and affect reproductive decisions under uncertainty by
conveying information on the consequences of low fertility or on the dynamics
of social change, b) it may establish a collective behaviour among community
members and initiate a fertility change when other factors would instead inhibit
it, c) it may induce an endogenous transformation of social institutions and
social norms.
The analysis of social mechanisms like social learning and social influence
also plays an increasingly relevant role in demographic explanations of observed
family formation patterns in contemporary Europe, such as the hypothesis formulated by Kohler et al. (2002) on the emergence of lowest–low fertility. However, the increasing inclusion of social interaction in the demographic theoretical framework matches with a relatively unrealistic model of social learning and
social influence mechanisms (Chattoe, 2003). As noted by Montgomery and
Casterline, this refined modelling of the social processes reposes on a weak conceptualization: “Little is known about learning mechanisms and the formation
of perceptions in respect to demographic behaviour. We are aware of no systematic investigation of what would seem to be a central issue” (Montgomery and
Casterline, 1996, 159). Not only are the social mechanisms not specified in a
satisfactory way; similar problems exist in defining the influential relationships
on childbearing decision–making.
This lack of precision seems to constitute a general problem in the development of demographic behaviour theory. Specifically, there is a certain agreement
that demography suffers from a poor level of precision in theoretical construction, a statistical modelling that is either not, or not sufficiently, theory–driven,
and the non—or hard—observability of important concepts and indicators involved in the theory (Burch, 1996; de Bruijn, 1999). This weakness is partially
due to the inadequateness of demographers’ methodological toolbox in answering relevant demographic questions. The very recent inclusion of agent–based
simulations and systematic and comparative in–depth investigations offer new
possibilities to develop cognitive valid behavioural theories and to speculate
on the consequences of alternative micro–macro feedbacks in order to explain
demographic patterns (Billari and Prskawetz, 2003; Billari et al., 2003b, 2006).
In this chapter we introduce an agent–based model to study social interaction
and, in particular, endogenous network formation and its implication for changes
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over time in the transition to parenthood. In the first place, such a model allows
us to test whether changes in age–specific fertility experienced in the past can
be explained by social interactions. Secondly, we can use this model to project
age–specific fertility rates. Hence, our model we develop is not intended to
explain the pattern of age-specific fertility but is designed to explain how this
pattern changes over time.
In Section 4.2 we introduce the theory and hypothesis of fertility transitions
and social interaction and endogenous networks. Section 4.3 is devoted to the
implementation of the model. The data we use to calibrate our model are discussed in Section 4.4. Simulation results and fertility projections based on these
simulation results are presented in Section 4.5. Finally, Section 4.6 summarizes
our findings.

4.2 Social Interaction and Fertility: Theory and Hypothesis
Studies on fertility timing in developed countries have a strong explanatory
role with respect to individual life course transitions. These contributions include educational, occupational, partnership, and geographical mobility histories. The postponement and increasing variability in these processes has often
been associated with the observed delay in childbearing. To account for fertility
preferences in general, family background variables or, more generally, early life
experiences, constitute key indicators (Axinn et al., 1994).
Individuals’ fertility behaviour depends not only on family background variables, and life course paths, but also on the behaviour and characteristics of
other individuals as transmitted through social networks. Several authors have
emphasized the importance of social interactions for fertility choices (Montgomery and Casterline, 1996; Bongaarts and Watkins, 1996; Bernardi, 2003).
As Bongaarts and Watkins (1996) argue, social interactions have at least three
aspects: the exchange of information, the joint evaluation of its meaning, and
social influence that constrains or encourages action. A comprehensive survey of
fertility and social interactions is documented by Kohler (2001). To understand
the divergence in the demographic behaviour of different populations with relatively similar environmental conditions, Kohler argues for a combination of economic fertility theory (based on individual optimal and rational decision rules)
and theories on social interaction (which incorporate the behaviour of other
members of the community/society). Another contribution that emphasizes the
relevance of social interactions in the context of low fertility is by Kohler et al.
(2002). They find that all lowest–low fertility countries, i.e. all countries with
total fertility rate (TFR) less than 1.3 have experienced a sharp increase of
the age of first birth and argue that this observation cannot be explained by
changing socioeconomic incentives alone: Social interactions (either impersonal,
for example, through the labour market or personal ones through peer groups
for instance) must have induced multiplier effects or multiple equilibria. Lyngstad and Prskawetz (2010) on the basis of Norwegian register data investigate
whether siblings’ fertility decisions influence each other. Their results indicate
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that cross–siblings effects are relatively strong for the respondents’ first birth,
but weak for the second parity transition.
So far, two avenues have been explored in the literature. On the empirical side, studies have aimed to identify or control for potential effects of social
interaction on fertility (Bernardi, 2003; Bernardi et al., 2007). On the more
formal side, models have been developed that exogenously define the structure
of the social network and investigate its implication on demographic behaviour
(Hernes, 1972; Kohler, 2001). In the present chapter, we follow a recent development in the network literature that aims to endogenously build up the
social network structure (Watts and Strogatz, 1998; Barabási and Albert, 1999;
Watts et al., 1998). For this purpose, we choose the framework of an agent–
based model where the mechanisms underlying the behaviour of each agent—in
particular, the choice of social network, which in turn influences the fertility
decision—is explicitly modelled.
For an individual, the social network (the set of ‘relevant others’) consists
of people who are close. Closeness is a general feature we shall exploit in what
follows. In our context, the term ‘close’ refers to a distance that may represent
a spatial distance, but might as well represent a distance in terms of kinship,
age, education, professional occupation, and so on. Closer individuals are more
likely to be relevant others. The size and characteristics of an individuals’
social network may themselves depend on the individuals’ characteristics. For
instance, the number of relevant others increases with age during youth and
adulthood, at least up to ages that are important for processes such as getting
married or having children (Micheli, 2000). The literature on social networks
has further shown dependencies on additional individual characteristics and
conditions under which the social network changes:
Age: The aging process produces a reduction in the size but an increase
in the density of network partners since non–kin drop out (Wagner and Wolf,
2001). But these changes seem to reflect life course transitions rather than aging
itself.
Marital status and parental status: There is extensive and consistent evidence on the variation of network by marital and parental status, from cross–
sectional comparative studies and longitudinal studies. Wellman et al. (1997)
analysed the changes in intimate ties of individual informal social networks in
Toronto between 1968 and 1978. They find that the intimate relationships are
relatively unstable over ten years. The median network has retained only about
one quarter of its initial members and family situations rather than aging itself
account for this turnover. Not surprisingly, marital change (getting married
or divorced) seems to be the main triggering process for changes in the network: those who experienced it replaced almost all (94%) of their network.
Immediate and distant kin are the most persistent ties compared to friends and
neighbours. The transition to parenthood seems to affect the circle of non–kin,
whose members change even in the short one–year time frame after pregnancy
(Ettrich and Ettrich, 1995). The shift in the composition of social networks taking place after the transition to parenthood is consistent with the results from
three similar studies in the United States and England, where parents’ networks
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and non–parents networks are compared (Hammer et al., 1982). In addition to
the positive association between rearing of children and increased emphasis on
kin connections, the non–kin network composition shifts by including a higher
number of friends as opposed to working relationships.
Education and gender: Moore (1990) finds that most differences between
gender in the social network composition of men and women in the US disappears when one controls for age, employment, marital and parental status.
Higher education or professional/managerial occupation entails a larger share
of the network composed of non–kin (Moore, 1990, p. 732, table 3). The only
persistent difference is that women, compared to men, are more “kin–keepers”
(the share of kin that characterizes women networks is larger when compared
to men in similar structural positions).
We build up the social network of individuals based on a hierarchic structure
of social groups, where each individual is part of one group for each relevant
characteristic. We restrict the number of characteristics that determine the
affiliation to a social group to three: age, education, and intended education.
The choice of these three characteristics is based on the empirical findings summarized in the preceding paragraphs. Each individual is part of three social
groups. Individuals within one group are close, and therefore more likely to
belong to the same social network. Members of the social network influence the
behaviour of each other through interaction. In our model, we assume that as
the share of mothers within the social network increases, the desire to give birth
is intensified. In the next section we introduce the agent–based model, focusing
on the implementation of the endogenous social network.

4.3 Model Implementation
We set up an one–sex model that allows us to simulate the different life cycle
stages of females. Although partnership plays a major role in the transition
to parenthood, we refrain from including mate–search into our model since it
would increase the complexity of the model and complicate the interpretation
of the results.
Each individual agent has an identity number id, four characteristics, and
a social network that includes friends, siblings, and the agent’s mother.2 The
agent’s characteristics are age x, education e, intended education ie, and parity
p. We set the lower and upper age limit of reproduction to be equal at 15 and
49 years respectively and the maximum age of our agents as 95 years. Though
agents older than 49 cannot give birth in our model, they still may influence
other agents.
Education is an influential factor for social network formation and size (cf.
Section 4.2) and thus becomes our second characteristic. We assume that all
children, i.e., individuals younger than 15, have no education at all beyond the
compulsory years of education, hence their education is zero. For older individuals we distinguish three stages of education: primary and lower secondary,
2

The agent’s mother and siblings are not known for the initial population.

4. Transition to Parenthood

55

upper secondary, and tertiary.
Since education affects an agent’s network not just on the day of graduation but has influenced it already during training, we further include intended
education as an important characteristic of the agent.3 Based on these three
characteristics—age, education and intended education—an adult agent chooses
on average s members for her social network. These members influence the
agent’s decision on childbearing, i.e. her parity, which constitutes the fourth
characteristic of the agent. We use six stages of parity, 0 to 5+. An individual
who gives birth to a child increases her parity by one. The agent’s desire to give
birth, that is to increase parity, is weakened or intensified by the influence of the
social network snw. A summary of the agent’s characteristics and parameters
is shown in Table 4.1.
Tab. 4.1: Summary of the agent’s characteristics and parameters.

Agent variables
Identity number
Age
Education
Intended education
Parity
Age at first birth
Social network

values
id
x
e
ie
p
a
snw

1
0
0
0
0
15
0

–
–
–
–
–
–
–

N
95
3
3
5+
49
N-1

Initial Population
We initialize the simulation with N individuals and base our simulations on Austrian data, as defined in Section 4.4. The Austrian age distribution for females
constitutes the initial age distribution. The level of education of individuals
aged 15 or older is assigned according to the Austrian age–specific educational
distribution for females. On the basis of the assigned age and educational level,
each agent is assigned her parity according to the Austrian age and education
specific parity distribution of females.
Since most people finish their education before they turn 30, we assume that
the educational distribution at age 30 in the base year determines the intended
education at earlier ages.4 Further, empirical data show that transition to higher
3 The argument to include intended education in addition to attained education is based
on the anticipatory analysis in life–course research discussed in Hoem and Kreyenfeld (2006).
4 Of course, some individuals finish secondary or tertiary education later than age 30.
Therefore, it seems to be desirable to look at the educational distribution, for instance, at
the age of 40 or 50 to be sure not to lose any individual obtaining a higher level of education
during her life course. However, applying the educational distribution of older cohorts would
result in a bias toward lower levels of education since higher education was not that common
for older cohorts—this holds in particular for females.
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education is more common for non-mothers than mothers, thus we additionally
consider the agent’s parity when assigning the intended education and we do
not allow an intended education ie lower than the already achieved education
e. Hence, we need to take the agent’s age x, parity p, and educational level
e into account when assigning intended education (for details see Appendix).
For agents with parity greater or equal to 1 an age at first birth a is assigned
according to the education–specific distribution of age at first births (cf. Section 4.4). Since the behaviour of women in training for education level e is more
comparable with the behaviour of those who have already achieved the level e,
we assign the age at first birth a according to the agents’ intended education
ie. Once all initial agents have been assigned their individual characteristics,
adult agents create their social network by choosing relevant others based on
the three characteristics: age, education, and intended education.
Simulation Steps
During each simulation step, each agent ages by one year and dies off at the
age of 95. Individuals younger than 15 are considered as children without education. At age 15 an individual becomes an adult with education level 1 and
an intended education assigned on the basis of the education distribution of the
population aged 30. In the course of the simulation an adult agent may change
her educational level. The age–specific educational transition rate is based on
empirically observed transition rates for Austria (see Section 4.4). From empirical data we know that non–mothers are more likely to increase their level of
education, likewise are agents with a higher intended education. To achieve this,
we scale the empirical education transmission rate by a multiplier w(x, e, ie, p).
This multiplier captures that those agents who have not yet attained their intended education are subject to a higher transition rate and further captures
the differences between mothers and non-mothers (for details see Appendix).
Further, an agent turning 15 builds her own social network which includes
friends chosen according to the procedure described below. Agents born during
the simulation already have a social network consisting of their mother and
siblings.5 Though children do not exhibit their own social network of friends,
they can nevertheless be part of one. When an agent turns 50, we assume that
childbearing ceases. However agents older than 50 may still influence adults of
childbearing age.
Influenced by her network members an adult agent may decide to give birth
to a child. The individual age- and parity specific birth probability, bpri (x, p),
depends on the empirical birth probability at time t, bprt (x, p), and the individual social influence, sii , exerted by the peers. After transition to parenthood
an agent increases her parity by one. Since we work with a one–sex model we
refer to the Austrian sex ratio at birth srb (see Section 4.4) as a multiplier for
the number of new agents. Hence only the female babies are created as new
5 Through the inclusion of the mother as a peer, we attain the effect that the number of
siblings influences the agent’s fertility, in addition to the parity of the siblings themselves.
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agents. Then they age each simulation step until arriving at adulthood (at age
15) when they choose their friends for the social network.
Endogenous Social Network
As mentioned in the introduction, our model should take into consideration
that links in a social network may be based on any individual characteristic
like age, kinship, love, power, friendship, professional occupation, geography,
and so on. Thus, we have agents living in a multidimensional space, where
each dimension represents one characteristic. Watts et al. (1998) introduced
a searchable network taking into account that individuals partition the social
world in more than one way. They applied this network to explain the process
of delivering messages to a target person. In the sequel we will use a similar
network structure for the diffusion of childbearing behaviour.
The agents within such a searchable network exhibit network ties and individual characteristics. For our purpose we consider the characteristics age,
education, and intended education to create a social network snw. Watts’ approach envisions that individuals organize the society hierarchically into a series
of layers, where the top layer represents the whole population, which is split according to the agent’s characteristics into smaller subsets of individuals which
are likewise split into more specific subgroups. The social groups that are formed
through this hierarchic division depend on the branching ratio b and the group
size g of the lowest hierarchic level. Branching ratio and group–size are exogenous parameters which, together with the number of individuals, determine the
depth of the network hierarchy l. An agent is influenced by her social network
snw concerning her childbearing behaviour.
Since the number of agents is continuously changing in our simulations, the
hierarchy depth l needs to be recalculated in each simulation step. For this reason we suggest a slightly different variant as compared to the Watt’s procedure.
We fill the hierarchic groups sequentially with agents instead of literally splitting the population into groups. Through this approach we avoid missing groups
and fluctuating group sizes which would occur due to the changing population
size. The similarity among any two individuals, dij , is given by the height of
their lowest common ancestor level in this hierarchy. If two individuals i and
j belong to the same group, we define their similarity dij equal to 1, if they
belong to different groups that are directly connected, their similarity becomes
dij = 2 and so on. For instance agents i and j in Figure 4.1 are in different
groups which are not directly connected. To find the lowest common ancestor
we need to trace back the branches two levels upwards. Therefore, the distance
between i and j, dij is equal to three. The probability of acquaintance (i.e. the
probability of a link) between two individuals with a distance d is given by
pr2 (d) = c exp(−αd),

(4.1)

with α being an adjustable parameter and c being a constant required for normalization. Thus, even two individuals belonging to the same group are not
necessarily connected. However, if the parameter α, determining the agent’s
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Fig. 4.1: Partitioning of the population into groups of size g = 5

level of homophily, is assigned high values, the chance of a connection between
individuals in the same group becomes high. To build up the social network an
agent chooses a distance d according to the above probability distribution (4.1)
and then picks a friend uniformly among all individuals with distance d. This
procedure is repeated until an average number of peers, s, is found. The mean
network size s̄ is an exogenous parameter. The actual number of friends for an
agent is drawn from a log–normal distribution (Dunbar and Spoors, 1995, fig.
1) with mean s̄.
Since individuals belong to three groups (by age, education, and intended
education) the procedure described in the previous paragraph is repeated for
each characteristic. Since we postulate that the characteristics are independent
people belonging to the same group in one dimension may be far away from
each other in another dimension. However, if there is a link established in one
dimension due to the random process described above, the agent considers the
chosen agent to be a part of her peer group. Whereas the social network snw
of agents in the initial population consists only of members chosen by way of
the above algorithm, the social network of agents created during the simulation
also contains their mother and siblings.
Since networks are known to be unstable over time, we assume that each
adult may exchange one or more (n) members of her social network with a
probability pr4 (n) (for details see Appendix).
Social Influence and Parity Transition
An adult agent (aged between 15 and 49) may give birth to a child. The decision
to change her parity status is influenced by her social network (see for instance
Bernardi, 2003; Bernardi et al., 2007). The propensity to have a first child
increases with the share of parents within the agent’s social network. Similarly
the propensity to higher order births increases with the share of parents of higher
order parity. To ensure that the social influence modelled at the individual level
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is “anchored” at the social influence we observe at the macro level, we postulate
that the social influence vanishes if the parity distribution of an agent’s network
coincides with the parity distribution at the macro–level.
Formally, the social influence si for an agent of parity p is modelled as a
function of the difference between the share of mothers at parity p̃ > p within
the social network, rop, and in the whole population, ROP . The social influence
positively (or negatively) affects the age– and parity–specific birth probabilities
bpr of Austria (see Section 4.4).
To determine the social influence si, we first define the relevant share of
network members rop(p) whose parity exceeds the agent’s parity p.
rop(p) =

#{j : pj > p AND j ∈ snw}
,
#{j : pj ≥ p AND j ∈ snw}

(4.2)

where pj denotes the current parity of agent j who is a member of agent i’s
social network snw, and #{j : pj > p AND j ∈ snw} denotes the number of
network members with parity greater p. Note, that for higher–order births we
ignore (in the numerator of equation 4.3) those agents within the peer network
who are at parity p̃ < p.6 Likewise, we compute the share of adult agents with
parity greater p, ROP (p), on the aggregate level,
ROP (p)

=

#{j : pj > p}
.
#{j : pj ≥ p}

The difference between ROP on the aggregate level and rop on the individual
level determines the social influence on an agent’s age– and parity–specific birth
probability bpr(x, p). We model social influence as an s–shaped function with
slope β,
si(p) = 0.1 ∗

exp(β ∗ (rop(p) − ROP (p)))
+ 0.95.
1 + exp(β ∗ (rop(p) − ROP (p)))

(4.3)

The parameter β gives the intensity of the social influence when the share of
network members of a specific parity diverges from the one on the aggregate
level. Choosing β = 0 results in a social influence of 1 in any case, which means
that the influence of the social network is completely ignored. Lyngstad and
Prskawetz (2010) point to a weaker influence for second births, thus we reduce
the social influence for higher order births si(p > 0) by decreasing β to a fifth
of its original value.
The value si is multiplied with the empirical age– and parity–specific birth
probability at time t, bprt (x, p), to take the social influence into account. Thus,
an agent i at age x gets assigned a probability of birth,
bpri (x, p) = bprt (x, p)si(p).

(4.4)

The multiplier given in (4.3) ensures that the birth probability bpr(x, p) of an
agent i facing a value of rop within her social network which is equal to ROP
6 Bernardi et al. (2007) found that women who already have children do not refer to childless
peers concerning former fertility decisions.
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on the aggregate level is not being distorted. Put differently, when the social
influence at the individual/micro level is equal to the social influence at the
macro level we assume that the social influence vanishes (i.e. it is equal to
one). In case that the micro level share rop(p) differs from the macro level
share ROP (p), the social influence is assigned a value in the range (0.95, 1.05)
assuming that positive and negative deviations are symmetric. To also allow
for an asymmetric social influence, but retaining the condition of si = 1 if
ROP (p) = rop(p), we introduce the asymmetry through the slope β. We postulate an asymmetry that strengthens the positive and weakens the negative
social influence. More precisely, a social influence function with slope β = 6 and
an asymmetry of +30%, as shown in Figure 4.2, actually leads to an influence
function with slope β = 6 − 1.8 = 4.2 for negative influence, thus for agents with
a lower rop(p) at the individual level than ROP (p) at the macro level, and a
slope β = 6 + 1.8 = 7.8 for positive influence. In this way we achieve that the
asymmetric social influence modelled at the individual level is again ‘anchored’
at the social influence we observe at the macro level.
1.05

1.025

1
E 
E 
E 

0.975

asym. + 30%
asym. - 30%

0.95
-0.4

-0.2

ROP

+ 0.2

+0.4

Fig. 4.2: Symmetric and asymmetric social influence function

The individual changes on the micro level result in a modified probability to
give birth at the macro level. Thus, the according probabilities at t + 1 become
bprt+1 (x, p) = bprt (x, p)sit (x, p)

(4.5)

where si(x, p) is the average of the social influence values si of all agents at age
x and parity p. These updated probabilities to give birth enter equation (4.4)
for the next time step.
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4.4 Data
Age Distribution: For the initial population we alternatively use the age–distribution
of Austrian females in 1981, 1991 or 2001.7
0.018

initial population

0.016
0.014

Austrian population
1981

0.012
0.01
0.008
0.006
0.004
0.002
0
0 5 10 15 20
25 30 35 40
45 50 55 60
65 70 75 80
85 90

Fig. 4.3: Age distribution for the Austrian female population in 1981 and for the initial
population of one simulation starting from the same year.

Distribution by Age and Education: We assign the level of education according
to the agents’ age. Agents younger than 15 receive education 0, while all
other agents are assigned as primary/lower secondary, upper secondary, or
tertiary education according to the age–specific educational distribution
of Austrian females in 1981, 1991 or 2001.8
We distinguish (for adult agents) three stages of education, whereas the
Austrian data we use as input distinguish 6 to 8 stages. We therefore
merged these groups as follows: (i) primary/lower secondary education
encompasses basic schooling (up to 9 years) and lower secondary education (including apprenticeships and normally between 10 and 12 years
of schooling), (ii) upper secondary education encompasses the Austrian
‘Gymnasium’ and its equivalents, such as corresponding non–academic
vocational training at a similar level, and (iii) tertiary education (including postgraduate studies, the training of primary school and gymnasium
teachers, art academies, and so on).
Distribution by Age, Education, and Parity: Based on the Austrian distribu7

Source: Statistik Austria (2005a, Table 8.7).
Sources:Statistik Austria (1985, Table 13), Statistik Austria (1994, Table 14), Statistik
Austria (2004, Table 15).
8
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tion by age, education and parity of 1981, 1991 or 20019 , we assign a
corresponding parity for the initial agents.
Parity–specific Birth Probability by Age: The birth probabilities we apply in
our simulations derive from computations by Tomas Sobotka on the basis
of data provided by Statistik Austria. Unfortunately these data are only
available from 1984 onwards. For simulations where we start with the
1981 initial population we need to apply the birth probabilities of 1984.
For the other experiments we use the corresponding data from 1991 and
2001.
Educational Transition Rate by Age: The age–specific transition rates for educational groups are based on period measures. We alternatively start from
the age and educational structure of the population in 1981, 1991, or 2001
and denote F (x, e) the number of agents at age x and with educational
level e. For each age group we build the share of females having primary
or lower secondary, upper secondary and tertiary education:
F (x, e)
f (x, e) = P
.
e F (x, e)

By working with shares instead of absolute values we control for different
cohort size. We then presume that the age and educational structure of the
population stays constant over time and build the age–specific transition
rates as follows:
t(x, e) =

f (x + 1, e + 1) − f (x, e + 1)
f (x, e)

where t(x, e) indicates the transition rate at age x from the educational
level e to level e + 1 in the next time step.
Age at First Birth by Education: We use data on age at first birth, taking into
account the mothers level of education from the census. Since these data
are only provided for five–year age groups we interpolate the data with
piecewise cubic hermite polynomials to obtain age at first birth by single
years of age.
Sex Ratio at Birth: Since we do not include male agents in our model, we need
the sex ratio at birth to calculate the number of new agents per simulation
step. We again use Austrian data10 of the particular base year for this
purpose.
9 Sources:Statistik Austria (1989, Table 50), Statistik Austria (1996, Table 48), Statistik
Austria (2005c, Table 47). Analogous to the distribution by age and education, we merge the
eight educational groups into three groups.
10 Source: Statistik Austria (2005b, Table 2.26)
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4.5 Simulation Results
In this section we discuss the results from simulations of the agent–based model
introduced in the previous sections. We set the population size equal to N =
6000 and present the average over 200 simulation runs. Since our focus is on the
transition to parenthood we primarily present developments of the mean age at
first birth and the probability of a first birth. We also present the age–specific
fertility rate for selected results.
As a benchmark, Figure 4.4 presents results of a simulation where we ignore
social influence. We start with an initial population distributed according to the
population in 1981 and exposed to the Austrian birth probabilities of 1984 and
simulate it forward in time for 20 years.11 Obviously this benchmark model can
neither replicate the increase in the mean age at birth (of two and a half years)
nor the shift in age–specific first–birth probabilities during this time period. By
neglecting the role of social influence we fail to replicate the fertility development
that occurred between 1984 and 2004.
a) mean age at first birth

b) first birth probability
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Source: * Computations by T. Sobotka on the basis of data provided by Statistics Austria
Note:
A stands for Austrian and S stands for Simulated

Fig. 4.4: Simulation results for simulating 20 years starting from 1984 without social
influence (β = 0).

Our experiments, that take into account social influence, indicated that most
parameters have hardly any effect on the simulation results. The most influential
parameters turned out to be the slope of the social influence function β and the
parameter α which gives the homogeneity within social networks. In Figure 4.5
we show the adjustment for these two parameters starting again from an initial
population that is distributed according to the Austrian population of 1981 and
is exposed to the birth probabilities of 1984. Starting from β = 6 and α = 0.75
Figure 4.5a and Figure 4.5b, respectively, present the development of first–birth
probabilities between 1984 and 1994 for alternative settings of β and α. All
other parameters get assigned the following values: We set the group size of the
hierarchy equal to 5 individuals (g = 5), the branching ratio b equal to 2 (see
11 Note that we have data on birth probabilities only from 1984 onwards. Hence, we need
to combine the 1981 census data with 1984 birth probabilities.
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Figure 4.1) and postulate an average size of the network of 10 peers (s = 10,
Fliegenschnee, personal communication, 2006).
a) first birth probability

b) first birth probability
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Fig. 4.5: Simulation results for simulating 10 years starting from 1984 with different
parameters β and α.

Compared to the results in Figure 4.4, where we ignore social influence,
Figure 4.5 demonstrates the potential role of social influence to replicate the
change in first–birth probabilities over time. A comparison of the simulation
results with the actual first–birth probabilities in 1994 reveals that the choice
of β = 6 and α = 0.75 is appropriate.
For extreme values of β, the postponement of first births would be overestimated (β = 15) or underestimated (β = 3). The parameter α also has an
interesting effect on the results (Figure 4.5b). A rather small value of α (agents
are relatively indifferent about the similarity of network members, thus they
interact with any other agent regardless of their characteristics) leads to hardly
any change of fertility behaviour. Due to the mixture of groups all agents have
about the same social influence, and thus are not forced to change their fertility
behaviour. For values of α above one half, the particular value of α no longer
has a strong influence.
Figure 4.6 depicts the results of a set of simulations that replicate the observed fertility developments during the last decades. Austrian data from 1981
provide the basis for the initial population distribution, and agents at reproductive ages are exposed to the parity–specific birth probability of 1984. Model
parameters are set according to the default values discussed above and summarized in Table 4.2. We run our simulations for 20 years up to the year 2004
and compare the results with actually observed data in Austria as provided by
Statistik Austria. A thorough sensitivity analysis indicates that we obtain the
best fit to actual data by postulating an asymmetry in the functional form of
the social influence for the 1990s. Thus we add an asymmetry of 30% (see Figure 4.2) during this decade and an asymmetry of 60% from 2000 onwards. The
social influence on fertility behaviour is therefore amplified if rop > ROP and
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Tab. 4.2: Default values for model parameters

Model Parameters

default

Number of initial agents
Number of simulation years

N
y

Mean size of social network
Branching ratio
Group size
Homogeneity within social networks

s̄
b
g
α

Slope of social influence function

β

6000
20
10
2
5
0.75
6

dampened for rop < ROP .
A comparison between the observed and simulated time series of the mean
age at first birth validates the promising performance of our proposed model
(Figure 4.6a). Age–specific probabilities of first birth in 10–year intervals are
presented in Figures 4.6b and 4.6c. The three series depict respectively the empirical birth probability of the base year, 1984 and the year 1994 in Figure 4.6b
and 2004 in Figure 4.6c together with the simulated birth probability of the latter years. In both cases the shape of the simulated curve is close to the empirical
one. The remaining graphs, Figures 4.6d to 4.6g illustrate the evolution of the
age–specific fertility rates over time. The first two charts verify the temporal
progression of these rates in Austria (Figure 4.6d) and during the simulations
(Figure 4.6e). The shift, presented in four–year steps, proceeds likewise in the
simulation, as it did in reality. The similarity between simulations and empirically observed data becomes even more obvious when we consider the last two
graphs (Figures 4.6f and 4.6g) where we present a direct comparison between
the Austrian age–specific fertility and the simulated ones after 10 years, hence
in 1994 (Figure 4.6f) and for the year 2004 (Figure 4.6g). The results of our
simulations slightly underestimate the rates for 1994. This difference is caused
by a pronounced increase in probability for second births during this period.
This rise is not replicated in a similar vein by our simulations.
In a further experiment we initialize the model with Austrian data from
1991 and run our simulation for 20 years up to 2011. We apply the same set of
parameters and the same asymmetry in the social influence function as in the
previous simulations. Results for this experiment—both historical developments
(from 1991 to 2001) and some first projections (to 2011)—are summarized in
Figure 4.7. The mean age at first birth (Figure 4.7a) depicts the same increasing trend as in Figure 4.6a. The empirically observed line is slightly above the
simulated one, as caused by a bend in the early nineties which is not replicated
by our model. After the first 10 years of the simulations, the probability of first
birth comes close to the empirically observed curve in 2001 (Figure 4.7b). Fur-
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Fig. 4.6: Simulation results for simulating 20 years starting from 1984.
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ther simulations for another 10 years yields the first–birth probabilities in 2011
(Figure 4.7c). Since similar data are not available from Statistik Austria, we
compare the 2011 time series of first–birth probabilities with the corresponding
(last obtainable) empirical data from 2005. The evolution of age specific fertility
rates (empirically observed and projected ones by Statistik Austria for 2011 as
well as simulated ones) from 1991 to 2011 is presented in Figures 4.7d through
4.7g. Simulated fertility rates for 2001 (Figure 4.7f) overestimate the empirically observed rates (particularly for ages between 25 to 29). This difference
can be explained by the extremely low fertility rate in Austria during 2001 as
caused by a change in family policies (introduction of new child benefits in the
following year). In 2001 the total fertility rate reached a low of 1.33 as compared
to 1.36 in 2000 and 1.39 in 2002. The latter Figures are closer to the simulated
fertility rate of 1.39 for the year 2001.
So far, we have demonstrated that our model is capable of reproducing shifts
in the timing of fertility that occurred during the last decades. Note that our
model is not intended to explain the general pattern of age–specific fertility—
which is given as an explicit input—but is designed to explain how this pattern
changes over time. Next we apply our model to project future trends of fertility
and compare our projections to the age–specific fertility assumptions applied by
Statistik Austria for their recent population projection (Hanika, 2006). While
population forecasts are usually based on time series extrapolation of recent
fertility trends combined with some expert knowledge, our approach has a theoretical foundation. We use a causal model to explain trends in timing of fertility
rather than continuing existing trends. Sanderson (1998) argues that combining
forecasts from causal models with standard forecasts results in more accurate
predictions if the forecast errors of the two different approaches are not highly
correlated.
Starting from the year 2001, we forecast fertility rates to 2021. We retain
the model parameters as in previous simulations and postulate an increase in
the asymmetry of the social influence from 30% prior to 2010 to 90% from
2010 onwards. Figure 4.8 depicts simulated age–specific fertility rates and those
assumed by Statistik Austria respectively for 2011 and 2021. The simulated
rates for 2011 (Figure 4.8a) are considerably lower compared to the assumptions
by Statistik Austria. This underestimation of fertility rates in our simulations is
mainly caused by the exceptionally low fertility rates in Austria in 2001, which
is the base year of the current simulation. The relatively low birth probabilities
of 2001, especially for the age group 25 to 29, are passed on through the whole
simulation, implying also the quite low fertility rate in 2021 (see Figure 4.8b).
As we consider the year 2001 not to be an appropriate base year, due to
its exceptionally low fertility rates, we project fertility rates for the years 2011
and 2021 again using 1991 instead of 2001 as the base year. The results are
depicted in Figure 4.9. The shape of the age–specific fertility rate as projected
by our simulations for 2011 and 2021 is rather similar to the corresponding rates
postulated by Statistik Austria with one exception. Fertility rates at higher ages
(above age 40) are projected to be lower in our simulations as compared to the
assumptions underlying the projections by Statistik Austria.
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4.6 Conclusions
As recently shown by various authors (Kohler et al., 2002; Bernardi, 2003), social
learning and social influence play an increasing role in demographic explanations
of observed family formation patterns in contemporary Europe. The increasing
inclusion of social interaction in the demographic theoretical framework however
matches with a relatively unrealistic model of the mechanisms that underly those
social interactions.
We propose to apply the methodology of agent–based models to study the
role of social interaction for explaining observed demographic patterns. Such
models allow “thought experiments that explore plausible mechanisms that may
underlie observed patterns” (Macy and Willer, 2002, p. 147). Different from
micro or macro simulations, agent–based models provide a theoretical bridge between the micro and macro level. The dynamic bottom–up approach of agent–
based models—to explain global patterns by simple local interactions—is particularly useful when aiming to explain trends in fertility timing and quantum
over the last decades.
In this chapter we have presented an agent–based model on the transition to
parenthood, focusing on the role of social interaction and providing an endogenous formation of the social network. Calibrating our model to Austrian data,
we have shown that our model captures the observed changes in the timing and
quantum of fertility over the last three decades to a high degree. Sensitivity
tests indicated that most network characteristics (like homophily) are of importance when simulating peer effects, and that the intensity of social pressure whether or not to conform to one’s peer fertility decisions- has a major impact
on the results. We are aware that apart from social influence there are other
factors having an impact on timing and quantum of births. Socioeconomic conditions, like increasing job insecurity during early adulthood and an increase in
educational attainment provide incentives for individuals to delay childbearing
(Rondinelli et al., 2006). d’Addio and d’Ercole (2005) identify two sets of influencing factors contributing to current fertility trends: (i) higher education
and employment of women, and changes in patterns of family formation; and
(ii) shifting values of younger women towards a less traditional role of woman
within family and society.
While there is clearly evidence for postponement of first births we do not
know yet to what extend recuperation may compensate for low fertility at
younger ages. Qualitative research has shown that individuals perceive an influence of their peer group on their fertility intentions (Bernardi, 2003; Bernardi
et al., 2007). Although it is not clearly evident to what extent this influence
may indeed explain realized fertility, our simulation has shown that by solely focusing on the influence of social interaction within peer groups we can explain a
decrease of fertility at younger ages and an increase of fertility at higher ages at
the same time. While contemporary population forecasts for Western European
countries typically assume recuperation of fertility exogenously, in our model
the same endogenous mechanism that accounts for the decrease at younger ages
also explains the increase at higher ages. Thus, our model is able to capture the
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cause and the extent to which age-specific fertility changes over time. Hence,
we also apply our model to forecast age-specific fertility rates. Our framework
differs from common practice in population forecasts that either rely on extrapolations of past trends or expert opinions. Instead, we propose a causal model
that allows us to project demographic behaviour.
Within the framework of our agent–based model we can experiment with
alternative mechanisms that may underly the timing and quantum of fertility
in different social environments. The exploration of plausible mechanisms that
underlie observed patterns is the main challenge confronting demographers as
they propose efficient explanations of past trends and provide reliable projections of future demographic developments. To demonstrate the feasibility of
such an approach by applying it to the topic of the transition to parenthood
has been the main aim of the current chapter.
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APPENDIX

Assignment of Intended Education to Initial Population
To assign intended education to a woman of age x ∈ [y, y + 5), parity p and
education level e we start with the parity distribution by age and education
from the census of the base year (see section 4.4). We denote qye (p) the share
of women at parity p within the group of women at age x ∈ [y, y + 5) and at
the level of education e. From the population census we obtain the shares of
women aged 30 with level of education e = 1, 2, and 3: q1 , q2 , and q3 .
The shares of the parity–age–education–specific groups are then multiplied
by the share of the corresponding educational level at age 30 to determine the
probability for each level of intended education. Thus, for all agents aged 15 to
29 with the current level of education equal to 1 and parity p the probability,
pr1 , to be assigned an intended education ie = 1, 2, or 3 is given as
qi qyi (p)
pr1 (ie = i|e = 1, p) = P3
.
j=1 qj qyj (p)

We do not allow an intended education ie lower than the already achieved
education e. Therefore, agents with e = 2 are assigned intended education
ie = 2 or 3 according to
qi qyi (p)
pr1 (ie = i|e = 2, p) = P3
.
j=2 qj qyj (p)

and agents with e = 3 are assigned ie = 3. Agents younger than 15 are not
assigned an intended education, and for all individuals above the age of 28
the intended education ie is set equal to the actual education.12 Moreover,
individuals at educational level 1 and older than 20 are also assigned actual
education 1 as their intended education since transition between level 1 and 2
practically happens only up to the age of 20. Thus, the intended education is
assigned randomly. It is based on the educational distribution of females at age
30 in the base year and subject to the following restrictions:
ie ≥ e
ie = e

for all agents
if (x > 28) OR (x > 20 AND e = 1).

12 Although some individuals advance to higher levels of education above that age limit,
the period data on which we base the empirical estimations do not lead to strictly positive
transition rates for that age group.
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Estimation of educational transition rate
In the course of the simulation an adult agent may change her educational level.
The age–specific educational transition rate is based on empirically observed
transition rates for Austria (see section 4.4). From empirical data we know that
non–mothers are more likely to increase their level of education, likewise are
agents with a higher intended education. To achieve this, we scale the empirical
education transmission rate by the following multiplier
w(c) =

a(c)

ppae(x, e + 1, p) ∗ h(e + 1, ie)
P
,
x,p,ie ppae(x, e + 1, p) ∗ h(e + 1, ie)

where a(c) is the share of agents with the vector of characteristics c = (x, e, ie, p).
We assume that every agent may increase her educational level but postulate
that those who have not yet attained their intended education are subject to a
higher transition rate. The multiplier h(e + 1, ie) captures this assumption. It
makes sure that within the set of agents who progress from the level of education
e to e + 1 the share of those with intended education ie less than e + 1 is smaller
than the share of those with ie greater or equal e + 1.
For the transition from education level 1 to level 2 we apply the weights
 1
 25 . . . if ie = 1
12
. . . if ie = 2
h(2, ie) =
25
 12
. . . if ie = 3
25

and for the transition from level 2 to level 3
 1
 25 . . .
1
h(3, ie) =
...
25
 23
...
25

we apply

if ie = 1
if ie = 2 .
if ie = 3

In detail, in the group progressing from level 1 to level 2 the share of agents
with ie = 1 is 4 percent (i.e. 1/25) and the shares with ie = 2 and ie = 3 are 48
percent each (12/25), while in the group progressing from level 2 to 3 the shares
with ie = 1 and ie = 2 are 4 percent each (i.e. 1/25) and the share with ie = 3
is 92 percent (23/25), provided there are enough agents with each particular
intended education.
As empirical data evidence that women with a higher parity have a lower
transition rate to higher education—in particular there is a pronounced difference between mothers and non-mothers—we apply the multiplier ppae(x, e+1, p)
which represents the empirical share of women with parity p at age x and education e + 1. Since these data are only available for five–year age groups we
assume that half of the births happened after the transition to e + 1 and the
other half before the transition.
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Exchange of network members
Since networks are known to be unstable over time, we assume that each adult
may exchange one or more members of her social network. Wellman et al.
(1997) found that after ten years the median network retains only 27% of its
initial members. If an agent exchanges each member of her network with a
probability pr3 , the probability for an initial member to still belong to the
network after ten years is (1 − pr3 )10 . Setting this expression equal to 0.27
implies a probability for each member of the particular agent’s social network
to be exchanged of pr3 = 0.129. To implement
these observed network changes

we proceed as follows. Since there are sni possibilities to choose n agents out
of a network of size si , the probability to exchange exactly n network members
is given as
 
si
pr4 (n) =
pr3n (1 − pr3 )si −n .
(4.6)
n
After drawing a random number n for each agent according to this probability
distribution the agents removes n randomly chosen members from their network
and choose n new members in the same way as during the initialization of the
network.

5. CONCLUSIONS

We know from various studies that social interaction plays a major role in
demographic decisions. Agent-based modelling is best suitable to model the
emergence of macro level patterns from individual decisions and social interactions. The models introduced in this thesis have shown the promising role
of agent-based models to explain and possibly also forecast demographic behaviour. Analysing these models we were able to identify some critical factors
that have to be considered when studying social networks and social interaction
and their role for explaining observed demographic patterns.
The ‘Wedding Ring’ model in Chapter 2 demonstrates that aggregate marriage behaviour can emerge from the bottom up without any exogenously given
marriage rates. Further, the model indicates the importance of the functional
form of social influence. The experiments have proven that a s-shaped influence function yields a qualitatively better fit to empirically observed hazard
rates of marriage than any of the other tested functional form. The parameters
of the s-shaped function, that denote the slope and the inflection point, have a
quantitative effect on the results. These parameters need to be calibrated with
actual data. The model on the diffusion of marriage in Chapter 3 shows that
the underlying network structure has a very strong effect on the diffusion of
marriage behaviour. Thus, when modelling a social network a few things have
to be considered. First, the network characteristics clustering and average
distance have an impact on the demographic behaviour that is being modelled
and therefore have to be considered. If the average distance within the modelled
network becomes to high the behaviour can not spread effectively. Subgroups
with different behaviour will emerge within the population. Clustering on the
other hand has an impact on how fast the behaviour spreads. In a highly clustered network the diffusion is slower than in a network with low clustering.
Second, the model has shown that to achieve characteristic-specific results the
characteristic of interest has to be included to the network construction. Only
within networks that consider characteristic-specific closeness subgroups
with characteristic-specific behaviour can emerge. However, the experiments
have also shown that interaction between different subgroups can lead to additional effects that might not be readily identifiable. The results indicate the
need for an extended influence function taking differences in characteristics
into account.
In Chapter 4 we describe the model on the transition to parenthood model
which has a different focus than the previous models. Despite the obvious
difference that we study fertility decisions instead of marriage decisions, we
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further do not study the emergence of aggregated age patterns like we did in the
marriage models. We rather try to capture the cause and the extend to which
such a pattern changes over time. In addition, we calibrate our model with
Austrian data, which allows us to use the model to forecast age-specific fertility
rates. While calibrating the model we found that two factors are of importance
to replicate past developments. First, the influence parameters, especially the
slope of the social influence functions strongly affect the results, which we
know already from the experiments with the ‘Wedding Ring’ model in Chapter 2.
The second important factor is the homophily within social networks. The
homophily within the network determines to what extend the agents prefer to
interact with peers of identical characteristics. A low homophily level encourages
the interaction between different groups.
In further research it would be interesting to study the possibility of an
extended influence function to capture the differences that would result if the
number of characteristics increases, as it is proposed in Chapter 3. Furthermore,
the model on the transition to parenthood would be suitable for extension.
Interesting extensions could include an economic factor on the fertility decision
and the introduction of a second type of agent representing a policy maker
deciding on family allowances, which again might have an impact on the decision
for individual agents.
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