Modelling urban dynamics of a diverse elderly population
with an empirically grounded agent-based model

Zur Erlangung des akademischen Grades
doctor rerum naturalium
(Dr. rer. nat.)
im Fach Geographie

Eingereicht an der
Mathematisch-Naturwissenschaftlichen Fakultät
der Humboldt-Universität zu Berlin

vorgelegt von
Hannah C. Haacke, M.Sc.

(komm.) Präsident der Humboldt-Universität zu Berlin Prof. Dr. Peter Frensch
Dekanin der Mathematisch-Naturwissenschaftlichen Fakultät Prof. Dr. Caren
Tischendorf

Gutachterinnen:
Gutachterin: Prof. Dr. Ellen-Wien Augustijn
Gutachterin: Prof. Dr. Dagmar Haase
Gutachterin: Prof. Dr. Judith Verstegen
Tag der mündlichen Prüfung: 30.06.2022
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Abstract
The elderly in cities have special needs. Therefore, it is important to know where they live
and why they relocate in order to adequately support them. That becomes even more important because, recently, demographic change and diversification in society have been on
the rise. However, there is few research regarding the interrelation of diverse backgrounds
and the relocation behaviour of the elderly. This ultimately leads to a lack of representation of the diversity of older people. Furthermore, the spatial context in which the elderly
live is often neglected by decision-makers and studies, even though their decreasing action
range makes them more dependent on the immediate spatial environment. Additionally,
other people in their neighbourhood play an important role in everyday support, for example, by assisting with shopping or just talking with the elderly. When the elderly are no
longer satisfied with their flats, or with their surroundings, they relocate, which influences
their overall spatial distribution. For research purposes, a tool to simulate a heterogeneous
population such as this is an agent-based model (ABM). It allows the inclusion of diverse
agents as representatives of the real population with behaviour rules. To the knowledge of
the author, the urban dynamics of a diverse population have not been previously modelled
with an empirically grounded ABM. This is also caused by the availability of suitable data
that provides sufficient information regarding the agents’ attributes and behaviour. At
the same time, there is no research on how the combination of different variables affects
the willingness of older people to move.
This dissertation research developed a workflow to model the urban dynamics of a diverse elderly population (¥65 years) with an empirically grounded agent-based model for
the example of Berlin. First, a survey was conducted in Berlin, along with expert interviews and literature research, to derive variables and reasons that lead to relocation. Until
now, only studies that analysed individual variables instead of the entire background of a
person had been done. Additionally, an existing framework was adapted to derive diverse
agents. The population was grouped into agent typologies with the same basic relocation
behaviour with a cluster analysis. The results were evaluated with a comparison based
on expectations derived from literature research and expert interviews. An upscaling was
done with the clusters to create an artificial population. After an assessment of the resulting artificial population, spatial information was added with a spatial microsimulation.
Because age and support network was identified as the most important factors for relocation, these variables were implemented as weights for the calculation of the relocation
probability of every individual agent. In the end, a basis for a model that aims to simulate
a diverse population was derived.
In addition, three sub-models were defined: the mortality rate, which defines if an agent
dies; the new agents, which defines how many agents are implemented; the moving-to,
which defines where the agents are moving to if they relocate. This results in a robust
model that reproduces the relocation rate derived in the survey. At the same time, the
evaluation shows that the different agent typologies do not segregate themselves spatially.
Through the implemented weights, individual behaviour can be achieved. This approach
can be adapted to other cities because it is based on data that might be provided for
other regions. Furthermore, the model can be a basis for more detailed agents or more
complex behaviour rules. In the end, the thesis provides an approach for modelling a
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diverse population with its behaviour rules.
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Zusammenfassung
Da ältere Menschen besondere Bedürfnisse haben, ist es wichtig zu wissen, wo sie leben
und warum sie umziehen, um sie angemessen unterstützen zu können, auch wenn sich
ihre räumliche Verteilung ändert. Das ist vor allem von Bedeutung, da in letzter Zeit der
demografische Wandel und die Diversifizierung der Gesellschaft zugenommen haben. Dennoch gibt es wenig Forschung, wie sich der Hintergrund der älteren Menschen auf deren
Umzugsverhalten auswirkt. Die Vielfalt der älteren Menschen wird ungenügend dargestellt. Zusätzlich wird der räumliche Kontext, in dem ältere Menschen leben, von Entscheidungsträgern und Studien oft vernachlässigt, obwohl sich aufgrund des abnehmenden
Aktionsradius der Älteren die Abhängigkeit von der unmittelbaren räumlichen Umgebung
erhöht. Außerdem spielen andere Menschen in der Nachbarschaft eine wichtige Rolle bei
der Unterstützung im Alltag, zum Beispiel, indem sie beim Einkaufen helfen oder mit
den älteren Menschen reden. Ein Werkzeug zur Simulation einer heterogenen Bevölkerung wie dieser ist ein Agenten-basiertes Modell (ABM). Es ermöglicht die Einbeziehung
verschiedener Agenten als Repräsentanten der realen Bevölkerung mit deren Verhaltensregeln. Nach Kenntnis der Autorin wurde die städtische Dynamik einer Bevölkerung bisher
nicht mit einem empirisch fundierten ABM modelliert. Dies ist auch auf die mangelnde
Verfügbarkeit geeigneter Daten zurückzuführen, die ausreichende Informationen über die
Eigenschaften und das Verhalten der Agenten liefern. Zugleich gibt es keine Forschung,
wie sich die Kombination von verschiedenen Variablen auf die Umzugsbereitschaft von
älteren Menschen auswirkt.
In dieser Dissertation wurde ein Arbeitsablauf zur Modellierung der urbanen Dynamik
einer vielfältigen älteren Bevölkerung (¥65 Jahre) mit einem empirisch fundierten agentenbasierten Modell für das Beispiel Berlins entwickelt. Zunächst wurde eine Umfrage und
Experteninterviews in Berlin in Kombination mit einer Literaturrecherche durchgeführt,
um Variablen und Gründe abzuleiten, die zu einem Umzug führen. Bisher gab es nur
Studien, die einzelne Variablen und nicht den gesamten Hintergrund einer Person analysierten. Zusätzlich wurde ein Arbeitsablauf zur Ableitung diverser Agenten angepasst.
Die Population wurde mithilfe einer Clusteranalyse in Agenten Typologien mit demselben
Umzugsverhalten gruppiert. Die Ergebnisse wurden mit Erwartungen, die aus Literaturrecherchen und Experteninterviews abgeleitet wurden, verglichen. Mit den resultierenden
Agenten Typologien wurde eine Hochskalierung durchgeführt, um eine künstliche Bevölkerung zu erzeugen. Nach einer Validierung wurden räumliche Informationen mit einer
räumlichen Mikrosimulation hinzugefügt. Da das Alter und das Unterstützungsnetzwerk
als die wichtigsten Faktoren für einen Umzug identifiziert wurden, wurden diese Variablen
als Gewichte für die Berechnung der Umzugswahrscheinlichkeit der einzelnen Agenten
eingesetzt. So wurde eine Grundlage für ein Modell geschaffen, das darauf abzielt, eine
diverse Bevölkerung zu simulieren.
Zusätzlich wurden drei Untermodelle definiert: das der Sterblichkeitsrate, welches definiert, ob ein Agent stirbt; das der neuen Agenten, welches festlegt, wie viele neue Agenten
in jedem Zeitschritt eingebettet werden; und das Untermodell, welches festlegt, wohin
sich die Agenten bewegen, wenn sie umziehen. Dies führt zu einem robusten Modell,
das die ermittelte Umzugsrate reproduziert. Gleichzeitig zeigt die Auswertung, dass sich
die verschiedenen Agenten Typologien nicht räumlich voneinander abgrenzen. Durch die
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implementierten Gewichte kann ein individuelles Verhalten simuliert werden. Der Ansatz
lässt sich auf andere Städte übertragen werden, da er auf Daten basiert, die auch für andere
Regionen zur Verfügung stehen. Außerdem kann das Modell als Grundlage für detailliertere Agenten oder komplexere Verhaltensregeln dienen. Letztendlich bietet diese Arbeit
einen Ansatz zur Modellierung einer vielfältigen Bevölkerung mit ihren Verhaltensregeln.
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1.Introduction
1.1. Scientific background
1.1.1. Demographic change in cities
Recently, debates regarding the demographic change and diversification of society have
been on the rise (Deutscher Bundestag, 2016; Enßle and Helbrecht, 2020). Increased life
expectancy, social disparities, and transnational flows of migration have been identified
as key drivers of an increasing diversity among older people in terms of age, social class,
ethnicity, migration background and gender in cities (Calasanti, 1996; Pain et al., 2000).
However, it is not yet clear how the diverse backgrounds of the elderly influence the ageing
process which ultimately leads to a lack of representation of the diversity of older people.
This is a problem because age is rarely brought into debates on inequality and diversity
because it is a marginal category in intersectional research (Calasanti, 1996; Denninger and
Schütze, 2017; Enßle-Reinhardt, 2020). Overall, the interrelation between demographic
change and the increasing diversity of the society and its effect on the ageing process is
rarely discussed (Enßle-Reinhardt, 2020) even though, elderly individuals will increasingly
shape our society (Deutscher Bundestag, 2016). The background of the elderly is of
particular interest because it is important for planning and governance to create agefriendly cities that respond to the needs of the diverse elderly (WHO, 2002). In the
following, diversity is understood as taking several variables into account to derive and
understand the complexity of human behaviour. Furthermore, it describes an increasing
heterogeneity of the background of the elderly population.
The ongoing demographic change alters people’s everyday lives and leads to new challenges for municipal services resulting from the different needs and behaviours of the
elderly. The majority of the very old elderly (¥85) owns the flat or house in which they
live. Thus, the development of senior-friendly infrastructure close to the homes of the elderly is necessary (Deutscher Bundestag, 2016). This is important because as people age,
they are likely to become frailer and increasingly dependent on support and participation
in their neighbourhoods (Cramm et al., 2018; Deutscher Bundestag, 2016). Unless social
infrastructures, public transport and health care are in the vicinity, elders may not be able
to access them at all. Furthermore, for most people, the general quality of life depends
on the design of the immediate living environment around their location of residence and
their involvement in the local community. The local conditions, such as an approachable
infrastructure and a feeling of belonging, play a decisive role in the life of the elderly
(Deutscher Bundestag, 2016).
For all these reasons, it is important to better understand where the elderly are and how
their distribution will change in the coming years as access to facilities in proximity to their
homes becomes more important and needs to be provided (Menec et al., 2011). For city
planners, it is necessary to know where the elderly live to adapt their living environment
to their needs if necessary. Therefore, it is essential to understand and predict if the
elderly will change their places of residence. This thesis aims to contribute to a better
understanding of relocation patterns of the elderly by developing an approach to derive
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their relocation behaviours while integrating the influence of the interrelation of different
attributes to account for diverse backgrounds.

1.1.2. Relocation of the elderly
Transformations in the distributions of an elderly population are mostly caused by relocation. In the following, relocation describes the process of moving out of one’s current flat
or house. The decision for selecting a new place of residence is referred to as moving to
a new area. In most papers, these two components of moving out of a flat and relocating
into a new one are described as one process, without focussing on the reasons for the
move (Buchmann et al., 2016; Earnhart, 2002; Fontaine et al., 2014). Due to an emotional
attachment to their flat, many elderly prefer not to relocate (Deutscher Bundestag, 2016;
Oswald et al., 2013). Other studies with focus on ageing in place suggest that older people tend to stay in familiar surroundings as long as possible and feel especially attached
to their homes and neighbourhoods (Rowles et al., 2003; Scharf et al., 2005). However,
newer studies on the relocation behaviour of the elderly indicate an increase in the number
who change their place of residence (Kricheldorff, 2017; Zimmerli, 2016). Zimmerli (2016)
concludes that approximately 50% of the elderly move after they turn 65.
To better understand what leads to relocation, several studies have been conducted that
identified different variables that can lead to the elderly moving away from their current location (see, among others, Teti et al., 2012; Zimmerli, 2016). Some of the most often stated
variables are age (Choi, 1996; Teti et al., 2012), social networks (Enßle et al., 2020;
Litwin, 1995), gender (Choi, 1996), marital status (Choi, 1996), financial status
(Choi, 1996; Smetcoren et al., 2017; Teti et al., 2012; Wiseman, 1980) and education
(Choi, 1996; Zimmerli, 2016). In the following, the variable is the superordinate term,
for example, marital status, while attributes describe the different options within a
variable, like married and divorced. The attributes of the variables can lead to a different
outcome regarding relocation. The attribute lower education, for example, can hinder relocation (Haacke et al., 2019; Teti et al., 2012), while a higher education can lead to a higher
relocation probability (Teti et al., 2012; Zimmerli, 2016). Therefore, a generalisation regarding individual variables is not feasible. However, even if certain attributes imply a
tendency towards relocation or staying, every individual can behave differently. Additionally, regarding the before-mentioned variables, researchers (see Butler, 2021; Choi, 1996;
Enßle-Reinhardt, 2020; Teti et al., 2012; Zimmerli, 2016) have highlighted the importance
of age and the size of one’s social network on the decision-making process of the elderly
concerning relocating or remaining in their current environments. The social network
describes the relationships of people who support the elderly in their everyday lives. Part
of the network is someone whom a person would recognise and address by name and vice
versa (de Sola Pool and Kochen, 1978). Age and the social network are also found to
be the most important factors that are not housing specific.
Choi (1996) and Teti et al. (2012) divide the elderly into two age-related groups. One
are the younger elderly ( 70) who are more likely to relocate; the other group are elderly
who are aged 70 or above who are less likely to relocate (Choi, 1996; Teti et al., 2012).
The influence of the social network on relocation is more complex because different
variables influence the network size (Enßle et al., 2020; Fournet and Barrat, 2016; Mc-
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Cormick et al., 2010). The social network within a neighbourhood is important, as the
contact frequency is relatively high, even though the network with neighbours might only
comprise a small proportion of an individual’s entire network (see Forrest and Kearns,
2001; Granovetter, 1973; Guest and Wierzbicki, 1999). One of the reasons for the growing
importance of neighbours in the networks of the elderly is that they sometimes can no
longer interact with people across greater distances due to physical constraints (Forrest and
Kearns, 2001; Guest and Wierzbicki, 1999). Apart from social interaction, neighbours are
important for support in the everyday life and practical help (Andersen, 2019; Mollenhorst
et al., 2009; Schneider-Sliwa, 2004; Zimmerli, 2016). If a person’s local network of support decreases or if they don’t have any network, the probability for a relocation increases
(Thomese and van Tilburg, 2000). The older and frailer a person, the more important
their social network in the immediate environment becomes. However, empirical studies
investigating the extent to which neighbourhood characteristics, like support groups, can
improve social contacts among residents are scarce and inconclusive (van den Berg and
Timmermans, 2015). All in all, few researchers take the influence of the neighbourhood on
the relocation willingness into account (Enßle-Reinhardt, 2020; Enßle et al., 2020), even
though different publications point out the importance of the immediate neighbourhood
regarding feelings of belonging, building (support) networks and care systems (see, among
others, Finlay et al., 2020; Granovetter, 1973; Henning and Lieberg, 1996; Enßle et al.,
2020). In general, the influence of the social network on relocation and the everyday
life needs of the elderly require a greater spotlight, starting with the questions: who do
the elderly consider part of their network, what attributes influence the size of the social network and how many people an elderly person would consider part of their social
network.
Spatial proximity is one important factor in the emergence of social networks. The
neighbourhood in particular is an important contact area for older people (Enßle-Reinhardt,
2020). The place of residence and surrounding neighbourhood can not only be a factor in
moving away but also in selecting a new flat in which to move. Zimmerli (2019) pointed
out that the elderly are guided by their habits when looking for an apartment. Therefore,
it is likely that the elderly prefer to move into an area which is similar to the one from
where they relocated or where people with the same background live.
Only a few studies have analysed the impact of diverse backgrounds and ageing on
relocation (see Calasanti, 1996; Enßle and Helbrecht, 2018) and the interrelation of different attributes on relocation willingness. Taking diversity into account is increasingly
important because the elderly are more heterogeneous, corresponding to more complex
conditions. Both the environmental influences and the background of the elderly are more
diverse and multi-layered. Therefore, the variables have differing influences on the diverse
elderly and their spatial distribution. Urban politicians and planners need to know where
older people live today and where they might live in the future. Only with this knowledge
can planning and governance ensure proximity to health care and social services. Thus,
a framework needs to be developed in order to model the spatio-temporal development of
a diverse, elderly population while being able to implement qualitative and quantitative
approaches due to a lack of knowledge on how the individuals’ attributes influence their
relocation behaviour.
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1.1.3. Modelling a diverse population
One way to represent changes in urban dynamics is to simulate the population in a model
which includes their relocation behaviour rules and decision-making processes.Including
the relocation behaviour of the diverse elderly in a model will help to better understand
them and their (spatial) behaviour.
Different approaches are available to model urban dynamics and human behaviour
(Barredo et al., 2003; Crooks et al., 2008), for example, cellular automata (Huang et al.,
2014; Lauf et al., 2012) and spatial microsimulations (Burns et al., 2018; Huang et al.,
2014). However Silverman et al. (2011) criticised that traditional demographic models
cannot fully capture the complexities of a diverse urban population. Statistical and mathematical models, for example, cannot represent key features of complex systems completely, as they are not able to represent individuals who interact in networks and who
can adapt to their current environments (An et al., 2020). The resulting insufficiently
complex models are not able to reproduce human behaviour.
Agent-based models (ABMs) can work with complex systems like cities (Gilbert and
Troitzsch, 2005), as well as implement social interactions, social networks, human decisionmaking and other processes that influence demographic change (Billari and Prskawetz,
2003; Smajgl and Barreteau, 2014). There are different approaches for deriving ABMs
(Levy et al., 2016). They have also been applied to other areas, spanning human social,
behavioural, cultural, physical and biological systems (Macal and North, 2014). Other
ABMs focus on land-use change, which can be caused by changes in the spatial distribution
of people (Groeneveld et al., 2017; Haase et al., 2010; Huang et al., 2014; Robinson et al.,
2007).
In some cases, the ABM approach has been criticised as the output of a model is
highly dependent on the input. Furthermore, Manzo and Matthews (2014) argue that this
approach is only limited in order to guide the theoretical interests. However, ABMs are
more reliable in comparison to other methods, like laboratory experiments or mathematical
models (Manzo and Matthews, 2014).
Another challenge of ABMs is in developing a transparent approach that can be implemented by others. ABMs that are transparent are necessary for validation but also for
comparing different models (An et al., 2020). To increase comparability, protocols (see
the ODD-protocol by Grimm et al., 2010) or frameworks have been presented (see Smajgl
et al., 2011). In the last years, different frameworks have been developed to facilitate
the building and the description of behavioural models (Kim et al., 2019; Smajgl and
Barreteau, 2017).
An advantage of ABMs is that they follow a bottom-up approach (Batty, 2005; Crooks
et al., 2008; Parker et al., 2003; Silverman and Bryden, 2018), which describes how individuals’ relocation behaviours on the micro-level can lead to macro-level changes. ABMs
can be combined with other models and can include social-survey data and quantitative,
equation-based approaches to enrich the model and facilitate complex behaviour (Janssen
and Ostrom, 2006; Rounsevell et al., 2012; Smajgl and Barreteau, 2014). However, most
ABMs are lacking empirical data; thus, purely quantitative approaches are often not possible (Haase et al., 2010; Rounsevell et al., 2012). When an ABM is enriched with data, it
is often defined as an empirically grounded ABM. A critical step for empirically grounded
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models is to translate real-world data into robust model assumptions (Smajgl and Barreteau, 2014). Additionally, several case studies should be considered with a meta-analysis
as different studies usually identify diverging or even contradictory factors as being important for the processes that are observed (Janssen and Ostrom, 2006).
Agents and their behaviour
The basis for (empirical-based) ABMs are individuals or agents and their behaviour.
Parker et al. (2003) describe agents as autonomous entities that share an environment
through communication and interaction with other agents and decision-making. Interactions are often link- and/or network-based (Batty et al., 2012). Agents can also be
goal-oriented and some can have the ability to learn and adapt their behaviours based on
past experiences (Macal and North, 2014). An important factor that can be implemented
in ABMs is the spatial environment with which the agents interact and which can influence
them (Brown et al., 2005; Gilbert, 2008).
The method for incorporating agent heterogeneity and decision-making into an urban
ABM depends on the objective of the study and data availability (Smajgl et al., 2011). To
derive an ABM, it is critical to encompass as much of the heterogeneity as possible of the
real population whilst minimising the number of agent typologies (ATs) (Fontaine et al.,
2014). In the following, aggregated agents are referred to as ATs, following Rounsevell
et al. (2012) and Smajgl and Bohensky (2013). The ATs are characterised by the same
attributes and behaviour. A single artificial person out of these ATs is called an ‘agent’.
Many approaches use households as an agent or AT and main decision-makers (see, among
others, Fontaine et al., 2014; Haase et al., 2010; Rounsevell et al., 2012). Smajgl et al.
(2011) describe that many (empirically grounded) ABMs trigger the behaviour of the
ATs randomly and do not consider behaviour rules based on real data. One reason is
that the data for empirical information about the decision-making process is often not
available (Janssen and Ostrom, 2006). Finding data and literature to derive agents, but
also to develop an understanding of complex and adaptive human behaviour, is challenging
(Manson et al., 2020; Parker et al., 2003).
After deriving the agents and ATs, human behaviour and decision-making processes
need to be represented. Every AT has one decision-making structure, but sub-types can
be defined by groups of agents with similar preferences (Buchmann et al., 2016; Rounsevell
et al., 2012). One way to derive the behaviour is to conduct social surveys or to use
extensive census data to establish the decision-making empirically and to find fitting agents
(Brown and Robinson, 2006; Rounsevell et al., 2012). To make the decision-making more
individual, preference weights can be included, dependent on the agents’ attributes.
For an ABM, behaviour rules need to be derived based on qualitative or quantitative
approaches. In the case of the spatio-temporal development of the elderly, relocation is the
most important behaviour rule. There are already some approaches, which focus on the
movement of agents, although they model the agents’ decision-making to migrate to other
cities or countries (see Klabunde and Willekens, 2016; Rouly and Crooks, 2010; Ruiz et al.,
2014). Other models focus on pedestrian movement (Filomena and Verstegen, 2021; Willis
et al., 2004) or urban mobility (Neumann et al., 2019). Fontaine et al. (2014) discuss an
approach where the household profiles are used to inform the development of rules for an
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ABM of residential population mobility. However, they focus on the entire population and
only have one ‘all retired households’ group that represents the elderly (Fontaine et al.,
2014). Only Buchmann et al. (2016) focus on developing a model that implements agent
heterogeneity and residential mobility for the entire population but focus more on the
selection of a new location.
Many models that implement relocation behaviour do not have a spatial representation
(Haase et al., 2010). Nevertheless, there are some exceptions like the approaches by
Fontaine and Rounsevell (2009), Fontaine et al. (2014) and Haase et al. (2010). Their
approaches focus on the life cycle stage of the agents or ATs. The current stages of the
agents are the major influence regarding their residential mobility (see Fontaine et al.,
2014; Haase et al., 2010). In these cases, however, the elderly as a diverse group have
not been considered as well as the impact of the agents’ attributes on their relocation
behaviour. All in all, different model parameters need to be included that influence the
decision-making of the agents.
There are different approaches to characterise and parametrise human behaviour that
have been used to transform existing knowledge into a model (Smajgl and Barreteau,
2014), for example, participant observations, social surveys, focus groups, expert knowledge, census data, cluster analysis, dasymetric mapping, proxy data and cloning. The majority of cases require a combination of data collection methods and the above-mentioned
approaches to derive the agents based on the gathered data (Smajgl and Barreteau, 2014).
Fontaine et al. (2014) and Rounsevell et al. (2012), for example, derived ATs by clustering
groups of participants with similar profiles in a quantitative analysis like a cluster analysis,
which can serve as a key component in a mixed-methods approach (Henry et al., 2015).
Cluster analysis groups the observations based on common traits (Fontaine et al., 2014).
Fontaine et al. (2014) also conducted a cluster analysis to derive ATs in combination with
principal component analysis to establish households as a basic entity.
During the process of model formulation, deriving the agents and behaviour rules, agentbased modellers often encounter one of the two following problems: (1) they can use
available large-scale demographic or land-use data of built-up areas to inform the construction of their agent population, which does not provide information regarding the
decision-making, or (2) they try to derive the decision-making based on empirical data. In
this case, it is impossible to gather the appropriate data for all individuals for the whole
considered area, as large-scale data on agents’ behaviour is rarely available (Ernst, 2014).
Furthermore, spatial information that reflects the behaviour of the population is scarce
(Burns et al., 2018; Heppenstall et al., 2016; Lovelace et al., 2014; Lovelace and Dumont,
2016) because accurate, geocoded microdata is often not available (Lovelace et al., 2014).
One solution to work around scarce data is to combine datasets with non-spatial and spatial information with a spatial microsimulation (Lovelace et al., 2014; O’Donoghue et al.,
2014). An approach to work with data in this way is necessary; as different researchers
have pointed out, it is difficult to find comprehensive datasets (see, among others, Burns
et al., 2018). Furthermore, Levy et al. (2016) argue that ABMs should be designed with
a more interdisciplinary approach, to take different backgrounds and levels of knowledge
into account.
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Assessment of the model and analysis of the results
One of the advantages and aims of an ABM is to capture the emergence of the model
(Macal and North, 2014). A step before validating the output is calibration whereby
parameters can be adapted and fine-tuned (Batty et al., 2012). Afterwards, an assessment
of the output needs to be conducted. It ensures that the most suitable model has been built
and provides confidence in the use of the model for critical decision-making (Pullum and
Cui, 2012). Birkin and Wu (2012) argue that ABMs are hard to validate. Nevertheless,
without robust model validation, the reliability of ABMs cannot be established (An et al.,
2020).
The validation can be tested with a sensitivity analysis (Manson et al., 2020). It shows
how robust a model is, which means that the model is insensitive to broad changes in
the input parameters (Axtell, 2000). Robustness makes the model more credible (ten
Broeke et al., 2016). The simplest approach in performing a sensitivity analysis is to
change one model parameter after every model run and re-run the simulation with the
different parameter (Ligmann-Zielinska et al., 2020). In the case of the elderly, this can be,
for example, what influences the relocation or how a new location is selected. However,
changing the parameters of a model can lead to different results, making it hard to decide
which set of model outputs should be validated (Levy et al., 2016). The resulting spatial
dynamics of the model with different outputs can be used to estimate what parameters
influence human decision-making (Fontaine et al., 2014).
Furthermore, a structural validation can be conducted that evaluates how well the model
resembles the real-world process it aims to explain (Levy et al., 2016). These processes can
also be spatial patterns that should be reproduced. Therefore, how well the model recreates
them are evaluated (Feitosa et al., 2011; Grimm and Railsback, 2012). Several ABMs use
segregation as a modelling approach, as well as a measurement of resulting patterns, to
estimate the emergence of the model and the influence of different parameters (Benenson
and Torrens, 2004; Huang et al., 2014; Schelling, 1971). Segregation is an outcome of
residential choices due to heterogeneity among resident types, their preferences to be near
others of their type and locational heterogeneity (Huang et al., 2014). It can also lead to
increased pressures on landscapes if the elderly prefer specific areas to relocate (Fontaine
et al., 2014). The results can provide relevant information for policymakers, scientists and
stakeholders about the conditions of rural and urban development (Villamor et al., 2012).
To the knowledge of the author, no model exists that simulates the spatial behaviour,
relocation or the place of residence of the elderly.

1.2. Methodological framework
1.2.1. Berlin as an example for a diverse city
Berlin is an interesting case study as it is the largest German city with a diverse population. It is the capital of Germany and had a total population of 3, 800, 000 inhabitants
in 2020. Additionally, Berlin represents two dominant developments in Germany’s demographic change as 19% of Berlin’s inhabitants are 65 years or older (StatIS-BBB, 2017),
compared with 22% throughout Germany (Pawlik, 2021). Furthermore, Berlin has a di-
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verse population (16% of those who are 65 years old or older are immigrants or have an
immigration background (StatIS-BBB, 2017)). The elderly who are 65 years old or older
were the target group in this work.
Berlin is divided into different types of spatial units, Lebensweltlich orientierte Räume,
which have a certain socio-economic and urban built-up homogeneity and similar population numbers (SSW, Senatsverwaltung für Stadtentwicklung und Wohnen, 2006). Data
from the Einwohnerregister (ER; in English, ‘census data’) was available for the local
spatial units (SUs) (StatIS-BBB, 2017). These were the smallest spatiostatistical units
available from the agency for statistics in Berlin.

1.2.2. Qualitative and quantitative processing
As this work was part of a larger project, the methods relied heavily on the results of our
project partners in the DFG-project ‘Superdiversity in an ageing city? The convergence of
increasing multiethnicity and an ageing population’ (see also Enßle, 2020; Haacke, 2018).
The project aimed to combine qualitative and quantitative approaches to derive a holistic
picture regarding the behaviour of the elderly of Berlin and how they experience becoming
older with their diverse backgrounds. For this thesis, approaches for deriving agents and
the relocation behaviour needed to be found. Furthermore, groundwork was required
to provide a base on which the results could be compared. These approaches can be
qualitative and quantitative. The focus of this thesis was on more quantitative methods
while implementing the results of the qualitative approaches of the project partners (for
information regarding the used data see Appendix A). Enßle-Reinhardt (2020) presented
the results in their research and dissertation and described the elderly and their diverse
backgrounds. However, there was no explicit focus on spatial changes, even though she did
address the influence of space on the process of ageing. Furthermore, her approach was
based on qualitative methods like focus groups and expert interviews (Enßle-Reinhardt,
2020). In this work, part of her conclusions were included in the model. Her results by
expert interviews and focus groups were used to obtain a first idea about the behaviour
of the elderly in Berlin and what might lead to relocation. The expert interviews were
also used for evaluating the output of different modelling steps (for more information, see
Enßle-Reinhardt, 2020).
Because there was no data available for the relocation behaviour of an elderly, diverse
population in Berlin, the “Growing Older in Berlin” (GOiB) survey collaboration with
the partner project was conducted in 2018, as described in Haacke et al. (2019). In this
survey, questionnaires were distributed using snowball sampling. It was answered by 362
individuals which are 65 years old and older. The GOiB focused, among other topics, on
whether the elderly had already relocated since they turned 65 or whether they plan to
relocate and the reasons for past or possible relocation. Based on the responses, the most
common reasons for relocation and their proxy variables were found, with which one can
estimate if an elderly person is more or less likely to relocate.
Additionally, data from the Deutsches Zentrum für Altersfragen (DZA; in English “German Centre for Gerontology”) with the Deutschen Alterssurvey (DEAS; in English “German Ageing Survey”) dataset were selected. Apart from that, data from the Statistisches Bundesamt Berlin Brandenburg (SBBB; in English, “Federal Statistical Office Berlin
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Brandenburg”) and ER were used (for further information, see Deutscher Altersuvey: SUF
DEAS, 2014; StatIS-BBB, 2017). A summary of the data can be seen in Chapter A in the
Appendix.
As a quantitative approach, an expert workshop was held in the year 2019 in collaboration with the project partners. The workshop included eight participants from scientific
institutions (see Chapter A in the Appendix for the list of participants). The aim was
to discuss scenarios for the developed ABM and what parameters influence the future
development and, thus, need to be implemented in the model. The preliminary results of
the simulation and the derived artificial population were evaluated.

1.2.3. Creating a model framework
In this sub-chapter, it is described how the empirically grounded ABM for the modelling
of the spatio-temporal development of the diverse elderly population of Berlin was derived.
An important step in developing ABMs is describing how the model was derived and on
what information the agents and their behaviour was based (Grimm et al., 2020). In the
last few years, different frameworks have been developed to facilitate the building and
description of behavioural models (Kim et al., 2019; Smajgl and Barreteau, 2017). A
framework helps to share experiences between modelling teams and to make the approach
transparent and reproducible (Smajgl et al., 2011). In the following, the framework that
was first represented in Smajgl et al. (2011) and further developed in Smajgl and Barreteau
(2014) and Smajgl and Barreteau (2017) was used. It describes how an artificial population
and its behaviour rules and attributes can be derived. The resulting output provides the
basis for the simulation.
First, it has to be estimated what the model intends to capture. This leads to the model
formulation at the beginning of the process (see Figure 1.1). The model formulation is
also dependent on previous research regarding ABMs (Triebig and Klügl, 2009). This step
requires the definition and design of three components: agents, their networks and the
environments in which agents operate (Smajgl and Barreteau, 2014).
The second step is the characterisation, which involves explaining the entities and captured dynamics, and how the main features of the target system should look (Smajgl and
Barreteau, 2014). Different model characterisation methods could be applied to derive the
ATs and the structure of the agent behaviour in each typology (see Figure 1.1, Step M1).
For the next step, quantitative and/or qualitative data were required for the preregistration of attributes that characterise agents and the behavioural strategies of agents (see
Steps M2a and M2b). Among the methods that can be used are participant observation,
social surveys, focus groups, expert knowledge, census data, cluster analysis, dasymetric
mapping, proxy data and cloning. Grouped agents were either based on common attributes
or common behaviour according to the approach of Smajgl et al. (2011). Agents/ATs are
then based on sample data and not on the entire population; therefore, upscaling was
necessary to represent either the whole or a proportion of the actual population as an
artificial population (see Figure 1.1, Step M3). In all steps, qualitative and quantitative
methods can be used or combined (Smajgl and Barreteau, 2014).
Another important aspect is the assessment of outputs. After deriving the agents or ATs
and the development of the entire artificial population, the output can be evaluated with
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Figure 1.1.: Framework for the empirical and theoretical research initialisation of an ABM
(based on Smajgl and Barreteau, 2014). First, the model is formulated with
the three components: agents, behaviour and the environments. In M1, a
specification of agent typologies is done. First, agent typologies can be derived
from quantitative or qualitative data. The agents’ attributes can be derived
based on an attribute-based typology (M2a) or a behaviour-based typology
(M2b). Upscaling can be conducted to enlarge the sample data to the size
of the target population. In every step, the model output is assessed with
quantitative and qualitative approaches

either qualitative or quantitative approaches. This can either be conducted by comparing
the output with expectations based on literature or expert interviews or by comparing the
results with data. If the agents do not have a spatial component, the framework needs to
be extended to include additional processes, like a spatial microsimulation to add spatial
information (Lovelace et al., 2014). This can be done because ABMs have the advantage
that they can be combined with other modelling approaches.
The resulting artificial population represented by agents with their attributes and behaviours form the main component of the model. Furthermore, sub-models might need
to be added to make the simulation more realistic. Sub-models are used to define the
models’ processes (Grimm et al., 2006). One addition for modelling the elderly population of Berlin can be a sub-model that defines how the agents chose a new location after
relocation. Contrary to Buchmann et al. (for example, 2016), the approach described in
this thesis does not focus on detailed decision-making regarding location choice, but on a
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few other parameters, like the number of agents with the same AT which live in a certain
neighbourhood. Another sub-model can be the mortality rate as the elderly are more
likely to die within a limited time span. Furthermore, new agents who turned 65 need to
be added in every year.

1.3. Conceptual framework
1.3.1. Research questions
A greater number of people in Europe are more diverse and getting older. However, little
research has investigated the simulation of the interrelation of becoming older and personal
background. Furthermore, no research to the author’s knowledge has been conducted to
model the spatial behaviour of the diverse elderly. The overarching aim of this dissertation research was to model the spatio-temporal distribution of a diverse elderly
population with an empirically grounded ABM with related behaviour rules.
The resulting model should be derived in a way that the entire model or parts of it can
be reused for other approaches and cities. Therefore, (a) an artificial population needs to
be derived with existing data, and (b) relocation rules for the elderly need to be derived
and explained. For the approach, the workflow presented in Figure 1.2 was followed. The
results of Research Questions I and II were implemented to answer Research Question
III.
Following Silverman and Bryden (2018), a closed population was modelled, which means
that no external agents could enter the model (such as the elderly moving from or to
Berlin). The main entities are agents that represent elderly (¥65) people. The approach
is to derive a model with an artificial population that represents 20% of the real population
of 65 years old or older elderly in Berlin. Due to computational limitations, the entire
elderly population could not be included in the model.
The model starts in the year 2014, as that was the earliest data available at the start
of the project provided by the Deutscher Altersuvey: SUF DEAS (2014). The model
proceeds in yearly time steps until 2030. The framework for the empirically grounded
ABM can be seen in Figure 1.1and was based on the work by Smajgl and Barreteau (2014).
In contrast with Smajgl and Barreteau (2014), I did not know the AT and structure of
the agent behaviour in each typology beforehand, as no previous research regarding the
interrelationship of different agent attributes had been conducted.
To achieve the goal of the thesis research, three questions needed to be answered:
Research Question I: What are the attributes and reasons for relocation for older people
with diverse backgrounds in Berlin?
Some research does exist regarding attributes that lead to relocation. However, the
interrelation of these attributes has not yet been considered. The most frequently named
reasons for relocation can then be derived. Furthermore, there is the possibility that the
elderly population in Berlin behaves differently than the elderly populations in other cities.
For example, organizations exist there that focus on elderly with diverse backgrounds, and
Berlin has provided Europe’s first multigenerational house with a focus on gay residents
(Wiedemeier, 2011).
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Figure 1.2.: Workflow of the thesis research illustrating the relations between the output
as reported in the different chapters and the research questions
Research Question II: How does one derive a diverse elderly artificial population with
their spatial location and relocation behaviour for an empirically grounded ABM with
scarce data?
An improved understanding of the elderly and their behaviour is necessary to build a
model. However, data for deriving agents and behaviour rules are usually scarce. Therefore, an approach needs to be identified to derive relocation behaviours and agents based
on the available information.
Research Question III: How does one simulate the spatio-temporal distribution of a
diverse elderly population with an empirically grounded ABM?
In order to answer this question, the results from addressing the previous two research
questions were included in the model. Sub-models were included to define how agents
chose their new location after deciding to relocate. Additionally, the mortality rate and
the number of new agents were included at every time step as they needed to be considered.
After running the simulation and receiving the spatial distribution of the resulting artificial population, the output then needed to be assessed.

1.3.2. Objectives and workflow
This thesis research explores the (spatial) behaviour of the elderly in Berlin. Addressing
the goal of the research and the research questions were challenging as no literature was
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available regarding the interrelations of attributes of the elderly (apart from the work in
the partner project by Enßle-Reinhardt, 2020). Furthermore, no data was available with
sufficient variables to estimate the behaviour and spatial context.
To answer Research Question I, this thesis research relied on data from our GOiB survey
followed by statistical analysis, expert interviews and literature research. The aim was to
find attributes that lead to or discourage relocation.
To answer Research Question II, data provided by the DEAS and the ER were used.
Furthermore, information from expert interviews and literature was included. The results
from Research Question I were used to derive behaviour rules for the ATs.
Research Question III was answered with the results from Research Questions I and II.
Sub-models were based on data from the Statistisches Bundesamt (2014) for the mortality
rate and data from StatIS-BBB (2017) for adding new 65-year-olds in combination with the
framework derived in Research Question II. The moving-to was based on mild preferences
by the agents.
The output of the models was assessed with a comparison to the real population from
the ER. Finally, I evaluated changes in the patterns of the population with a sensitivity
analysis.
After deriving the attributes and reasons for relocation to answer Research Question I,
the following objectives needed to be achieved:
 Objective 1. Derive ATs based on scarce data.
 Objective 2. Derive behaviour rules for the ATs.
 Objective 3. Find an approach to individualise the relocation behaviour for every
agent.
 Objective 4. Assign a spatial unit to non-spatial ATs.

To answer Research Question II with objectives 1  4, the workflow in Figure 1.1 was
adapted to fulfil the aim of the thesis research and the mixed methods used. First, an
approach was identified to group the agents with the same behaviour together as ATs, as
not enough information was available to find behaviour rules for every individual entity.
This was achieved with a mixed-method approach to enrich the individual data sources
that were provided (objective 1).
The results of Research Question I were used to derive the behaviour rules for the ATs
to fulfil objective 2. Additionally, weights based on age and the size of the social network
was added to individualise the behaviour of the ATs to answer objective 3.
For objective 4, a spatial microsimulation was conducted following Lovelace et al. (2014)
to provide every agent with an SU.
The resulting ABM was the basis for the simulation at the time-step t0 . Emergent
phenomena included the number of connections, age and relocation probability. The aim
of every elderly individual was to remain in their current location.
After a successful implementation of the simulation, further objectives were as follows:
 Objective 5. Find and include sub-models that need to be implemented in the
ABM, to reproduce the real population and their behaviour more closely.
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To answer Research Question III, the answers from Research Questions I and II needed
to be implemented into the model. In the same model, three sub-models were included
that addressed where the elderly will be moving to and the mortality rate. The last model
defined how many new agents were included at every time step. The steps were followed
by Objective 6:
 Objective 6. Find an approach to assess the modelling results.

The results were assessed in two ways: (a) a sensitivity analysis was conducted to test
the robustness of the model, and (b) the artificial population was compared with the real
population.

1.3.3. Thesis structure
This thesis consists of five chapters. Chapter 1 describes the scientific background, the
overall methodological framework and the research questions and objectives, which will
be discussed in the following chapters. Chapters 2  4 present the main body of the thesis
with the core chapters. Chapter 2 has been published in a peer-reviewed scientific journal
Chapter 3 was accepted for publication, and Chapter 4 was prepared for submission.
Finally, the results of the thesis are summarised and discussed in the synthesis in Chapter
5, and the main conclusions and an outlook are presented. The three core chapters are
summarised as follows:
Chapter 2. Hannah C. Haacke, Friederike Enßle, Dagmar Haase, Ilse Helbrecht and
Tobia Lakes (2019). Why do(n’t) people move when they get older? Estimating the
willingness to relocate in diverse ageing cities. Urban Planning, Volume 4, Issue 2, pages
53  69
This chapter provides the first insights regarding the relocation behaviour of the elderly
in Berlin. For this chapter, a survey was conducted followed by a statistical analysis.
Chapter 3. Hannah C. Haacke, Friederike Enßle, Dagmar Haase and Tobia Lakes. How
to derive spatial agents: A mixed-method approach to model an elderly population with
scarce data. Population, Space and Place, e2551
This chapter describes how the cluster analysis was conducted as a basis for the ATs used
in the model. Furthermore, it explains how the base relocation probability is calculated for
every AT and a quality measure of the clusters/ATs is accomplished. In the end, a spatial
microsimulation was conducted to give the agents a spatial component. The resulting
artificial population was used in the next chapter.
Chapter 4. Hannah C. Haacke, Dagmar Haase and Tobia Lakes. Modelling urban population dynamics with an empirically grounded agent-based model
This chapter includes the artificial population in an ABM and added weights to the
base relocation behaviour to individualize the agents’ behaviour. In the end, the output
of the model was assessed.
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Abstract
Two of the dominant processes shaping today’s European cities are the ageing and diversification of the population. Given that the range of action usually decreases in later life,
the living environment around the place of residence plays an important role in the social
integration of the older generation. Hence, the spatial patterns of residence indicate the
extent of the opportunities for the older population to engage in urban life and need to be
addressed by urban planning and policy. The aim of this paper is to study the interrelation
between diversity in later life - in terms of migration history, gender, social class, and age
- and, on the one hand, planned movements of elders and, on the other hand, actual movements. We choose Berlin as a case study and draw from a quantitative survey with elders
from diverse backgrounds (n  427). Our results from descriptive analysis and different
statistical hypothesis tests show that age impacts people’s willingness to move; we observe
a peak in decisions to move at the age of 65  75 and a drop in the inclination to move
among people older than 80 years. None of the other factors is similarly influential, but we
observe appreciable tendencies regarding the impact of gender and social class. From our
study, we obtain an indication that variables other than classic socio-demographic data,
such as apartment size, rent, social networks, and health, and their interrelations may
offer a promising starting point for achieving a full picture of older people’s movement
behaviour.
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2.1. Introduction
Demographic change and diversification of the population are two developments that
change the social patterns of European cities. Increased life expectancy, social disparities, and transnational flows of migration lead to an increasing diversity among older
people in terms of age, social class, ethnicity, migrant background and gender (Calasanti,
1996; Pain et al., 2000). This poses new questions for planning and governance on the
creation of age-friendly cities that respond to the needs of older people with different
backgrounds.
With growing age, people are likely to become more frail and thus increasingly dependent
on their neighbourhood (Cramm et al., 2018). When experiencing mobility loss, access
to facilities in proximity to home gets more important (Menec et al., 2011), because
unless social infrastructures, public transport and health care are in the vicinity, elders
may not be able to access them at all. To respond to the decreasing action range in
later life, which means that elders spent most of their time at home or in close range
of their homes (Baltes et al., 1999), urban politicians and planners need to know where
older people live and if they are planning to relocate. Only then can the planning and
governance ensure proximity to health care and social services. Earlier studies, focusing
on ageing in place, suggest that older people tend to stay in their familiar surroundings
as long as possible and feel especially attached to their home and neighbourhood (Rowles
et al., 2003). Nevertheless, research on relocation at an old age points to the increasing
number of older people who change their place of residence (Kricheldorff, 2017; Zimmerli,
2016). The reasons for relocation in later life are manifold and comprise environmental,
socioeconomic, health-related, social, psychological, space and time dimensions (Roy et al.,
2018). Foundational theories on relocation at an old age distinguish between voluntary
and involuntary moves, such as Wiseman (1980) behavioural model that names forced
movements due to decreasing functional abilities, financial status, and need for care. There
are also Litwak and Longino Jr. (1987) Migration Patterns that refer to the amenities move
when people move shortly after retiring in order to improve lifestyle and gain access to
friends. Later studies refer to voluntary and involuntary moves as push and pull factors
(Perry et al., 2018). They report poor health, isolation, insufficient support, and feelings of
insecurity as pushing factors, while factors that pull elders to relocate consist of attractive
locations and the longing to be near friends and a certain community (Bekhet et al.,
2009). Smetcoren et al. (2017) analyse how socio-demographic and socio-economic factors
as well as kinship and health impact both push and pull factors. They conclude that
elders with lower household income and poor mental health are more affected by pushing
factors while elders with higher income and homeowners are more likely to relocate due to
pulling factors such as an attractive environment. Their findings suggest that the analysis
of social diversity helps to understand who moves in later life and why.
Other studies deepen the knowledge on socio-demographic factors and relocation: Social
class, in terms of education and income, influences the relocation of elders. While a small
income hinders movement in later life (Hayward, 2004; Sommers and Rowell, 1992; Teti
et al., 2012; Zimmerli, 2016), a high level of education fosters the willingness to move
(Biggar, 1980; Teti et al., 2012; Zimmerli, 2016). According to the literature, the impact
of age differs according to the planned movement and the actual movement. While studies
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on the willingness to relocate found that plans to relocate decrease with increasing age
(Hansen and Gottschalk, 2006; Teti et al., 2012; Zimmerli, 2016), studies on accomplished
movement do not show the same tendencies (Sommers and Rowell, 1992; Hansen and
Gottschalk, 2006). Earlier studies have shown, that gender clearly affects the willingness
to relocate (Choi, 1996; Krout et al., 2003; Sommers and Rowell, 1992; Teti et al., 2012).
All studies have found that women are more willing to move than men in later life. Perry
et al. (2018) analyse the impact of ethnicity on relocation at an old age, suggesting that
low education and home-ownership reduces the likelihood to relocate among older black
adults while white older adults refrain from relocation in later life if they are in a poor
health condition or own a house and have a strong social network in their neighbourhood.
Besides the aforementioned socio-demographic factors, earlier experiences in moving, as
well as engagement in activities and social life, foster plans to move, while high housing
satisfaction and withdrawal from social engagement hinder relocation (Zimmerli, 2016).
These studies have shown that older people move in later life and that social diversity
affects older people’s willingness to relocate. However, larger survey studies in Germany,
such as the German Ageing Survey (Deutscher Altersuvey: SUF DEAS, 2014) or a survey
by the city of Berlin that analyses the quality of life, interests, and independence in
later life (LISA), include no questions on planned or accomplished movements in later
life (Bezirksamt Mitte von Berlin, 2010). Available statistical data in Berlin provides
information on the movement of the population in regard to migrant background, gender,
and age. However, there are no additional diversity variables, such as ethnic diversity,
migration channel or variables concerning the social class available (StatIS-BBB, 2017).
Thus far, few studies have addressed the diversity of older people in Western Cities (see
Calasanti, 1996; Enßle and Helbrecht, 2018)); therefore, we lack knowledge about the
effects of a society getting older and, simultaneously, more diverse. It is against this
backdrop that our study seeks to analyse the interrelations between the willingness to move
in later life and diversity in terms of gender, age, social class and migrant background.
Our study adds to the existing knowledge as we analyse planned and past movement in
later life across different countries of birth, nationalities, migration channels, age, levels
of education and income. By examining these interrelating factors, we seek to better
understand how diversity impacts decisions to relocate at old age. More specifically, we
aim to answer the following questions: To what extent does age, social class and migrant
history influence the actual movement and planned movements? Further, what reasons
might cause older people with different backgrounds to move?

2.2. Research Design and Methods
2.2.1. Case Study
We chose Berlin as a case study for this research. Berlin is the capital of Germany and has
approximately 3.7 million inhabitants. Among those are 900, 000 inhabitants aged 60 years
or older (StatIS-BBB, 2017). These elders are the target group in this case study. We
chose Berlin because it is a big, dynamic city with many older people from heterogeneous
and diverse backgrounds (see Table 2.1) division of Berlin leads to diversity among older
migrants, comprising former guest workers from Mediterranean areas (former West-Berlin)
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and Socialist countries such as Vietnam, Angola, and Cuba (former East-Berlin). The
project builds on two empirical steps: (1) qualitative, hypothesising research, and (2) a
quantitative, hypothesis-testing survey to derive basic principles for an agent-based model
that would allow for exploring future ageing cities.

2.2.2. Questionnaire and Sample
To address the research questions, we mainly relied on a survey on diversity and ageing
that we conducted with elders in Berlin in 2018, because existing datasets do not provide
enough information, neither on moving behaviour nor on social diversity. In addition, we
included findings from 18 expert interviews that we conducted with representatives from
different counselling centres, social initiatives, and social and cultural meeting places in
2017. We used expert interviews to gain first insights into the nexus between ageing and
diversity to guide the following research. We interviewed experts from social initiatives
and cultural centres for e.g., Turkish, Arabic, Russian, Vietnamese, Polish Elders; public
counselling centres for elders with low income and three housing projects for respective
older gays and lesbians as well as older females. The interviews followed an exploratory,
open approach and comprised questions on housing conditions, challenges of the ageing
process, social networks, and the influence of gender, ethnicity, religion, sexuality, (dis)ability, and social class on the ageing experience. We analysed the interviews according to
the qualitative content analysis after Mayring (2000). To compare the expert’s perspective
with the everyday life experience of older people, we discussed the main findings from the
interviews in four focus groups with 26 elders in total.
The qualitative findings helped us develop our hypotheses for the quantitative survey
and to adjust the research approach to our target group: people aged 60 years and above
from different social and ethnic backgrounds. We chose 60 years as the age limit to include
the change from working life to retirement (Engstler and Gordo, 2017). As ethnic minorities tend to be underrepresented in quantitative surveys (Feskens et al., 2006), we refrained
from a classic household survey. Rather, we used contacts that we had established earlier
in our qualitative research as starting points and distributed the questionnaires through a
snowball system. We asked our interview partners to distribute the questionnaire among
their clients and included further institutions and groups that they recommended.
Figure 2.1 shows the distribution of the elders who answered the questionnaire in the 447
planning units of Berlin. A planning unit is smaller than a ZIP area. There is no cluster
of answers in areas where the questionnaires had been distributed originally (distribution
centres). Surveys were returned from areas in the city centre as well as from the suburban
areas and cover former eastern and western parts of Berlin.
To raise the response rate among older migrants, we provided the questionnaire in eight
languages: German, English, Turkish, Arabic, Polish, Russian, Bosnian, and Vietnamese.
We chose these because the city of Berlin’s nursing support centres publishes their information in these languages; therefore, it is likely that the majority of elders (or one of their relatives) speaks one of those. Accredited translators provided the translation. Even though
every translation implies interpretation, we ensured comparable content of the questionnaires through pre-tests and careful checking with bilingual elders. We distributed our
questionnaire in paper format and as an online questionnaire via the distribution centres.
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Figure 2.1.: Distribution of the respondents and distribution centres in Berlin

Our questionnaire comprised four thematic sections in total – (1) older people and
society, (2) social environment in later life, (3) changes with the end of work life, and (4)
housing in old age – and a section on sociodemographic data. For this article, we analysed
data from section (4) and the socio-demographic data (see section 2.6). To estimate if
older people plan to move in the future, we asked: ‘Do you sometimes think about moving
somewhere else?’ If this was answered positively, the following question was asked: ‘For
what reasons do you want to move?’ For the answers, we offered ten reasons, as well as
‘other’ (see Section 2.3). The questionnaire also asked about the most recent movement
and the reasons for it. If this most recent movement had happened since the person turned
60, it was included in the analysis as a past movement. As our analysis includes both,
plans to move in the future and past (accomplished) movements since a respondent turned
60, the term ‘willingness to move’ refers to accomplished as well as panned movements.
We do not differentiate whether the motivation to move was voluntary or forced.
We distributed 786 questionnaires in paper format and links to the online version via six
organisations (a mailing list for older Gays and Lesbians, a mailing list of Berlin seniors’
delegation, a centre for intercultural care in later life, a computer club, a mailing list of a
housing project, and a mailing list of Berlin’s community management institutions). Afterwards, we received 668 responses (475 online and 193 in paper format). This resulted
in a response rate of 24.5% for the paper format. The exact response rate of the online
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version is unknown due to privacy issues pertaining to the organisation’s mailing lists.
After the exclusion of missing data and respondents younger than 60 years, our sample
includes 427 participants. Of the completed questionnaires, 143 were completed on paper
and 284 were answered online. Our sample comprised 279 female and 148 male participants, 374participants who were born in Germany and 45 participants who were not born
in Germany. In the following, we define people with migrant background as those who
were not born in Germany, regardless of their nationality. A total of 395 questionnaires
were completed in German and 32 in one of the languages mentioned above. The majority
of respondents belonged to the 65–75 age group (32% were 65–70; 24% were 70–75), 15%
were 60–65 years old, and about 8% were over 80 (7% were 80–85, 1% were 85–90, and
0.7% were above 90; see Table 2.1).
Table 2.1 shows a comparison of the sample from our questionnaire with population
data from the Federal Statistical Office of Berlin (ER) for those aged 60 and older (StatISBBB, 2017). Note that the Federal Statistical Office differentiates people with migrant
background and Immigrants (nationality other than German and/or at least one parent
without a German nationality (StatIS-BBB, 2017). Our research does not distinguish
between the two groups and our definition of migrant background only includes elders who
were born in another country, therefore the number of People with migrant Background
of the ER population sums up the number of immigrants and people with a migrant
background. That means that an entire comparison of the two datasets is not possible. In
comparison to former studies conducted in Berlin (see, e.g., Deutscher Altersuvey: SUF
DEAS, 2014), our sample adequately represents the older population of Berlin, particularly
older people with and without a migrant background. More females than males answered
the questionnaire. However, there is an underrepresentation of people over 80 years.

2.2.3. Hypotheses
We drew on the findings of our qualitative study from 2017 and literature to derive the
following hypotheses on the influence of age, social class, migrant history, and gender on
people’s past and planned movement.
Age: In accordance with earlier studies and our qualitative data, we assumed that with
increasing age, the willingness to relocate would decrease (Kemper, 2001; Teti et al., 2014;
Zimmerli, 2016). Furthermore, we presumed a peak of decisions to move at the age of
65–70 because people usually enter retirement at that age.
Social Class: Drawing on literature and our qualitative findings, we derived the hypothesis that a small income hinders movement (Hayward, 2004; Teti et al., 2012; Zimmerli, 2016), while a high level of education fosters willingness to move (see Biggar, 1980;
Hayward, 2004; Sommers and Rowell, 1992; Zimmerli, 2016). We defined social class by
household income (very low income: 800¿, very high income: ¡ 5000¿) and education
level in line with the International Standard Classification of Education (ISCED; UNESCO
Institute for Statistics, 2012).
Migrant History: We frame ‘migrant history’ from three angles: migrant background
(country of birth other than Germany), nationality, as well as channel of migration (e.g.,
former guest worker, refugees, former students, etc.). Since to our knowledge, no research
exists on migrant history and relocation in later life, we based our hypothesis on our
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Table 2.1.: Characteristics of the survey population (in %)
Categories
Migratory Status
Gender
Marital Status

Age

Education

German
Migration Background
Female
Male
Married
Divorced
Widowed
Single
Civil Union
Other
60  64
65  69
70  74
75  79
80  84
85  89
Above 90
Low Education
Medium Education
High Education

Survey (2018)

ER population (2018)

87.1
11.5
65.3
34.7
42.2
18.5
16.9
12.6
1.6
7.5
15.2
32.1
23.7
20.4
6.6
1.2
0.7
4.1
32.3
46.8

86
14
55.7
44.4
54.3
16.1
20
9.2
0.4
0.1
22.2
20.5
17.1
19.2
12.2
5.7
3.2





qualitative research. It suggests that the channel of migration determines life chances and
social inclusion in the host society, so it is likely to determine the ability to move, too. We
presume that migrant background and nationality have no effect on the elders relocation.
Gender: Earlier studies point to connections between gender and willingness to move
(see, e.g., Teti et al., 2012), but we could not find a plausible connection between gender
and willingness to relocate in later life in our qualitative research. To explore the contradiction between the state of the art and our findings, we included gender in our analysis.
As earlier studies argue that elders move to escape isolation and loneliness (Bekhet et al.,
2009), we included family status (married; divorced; in partnership; widowed; in same-sex
partnership) in our analysis to test whether it has any influence on the moving behaviour.

2.2.4. Data Analysis
We applied descriptive statistics to explore the survey data. We began by identifying
three groups: older people who are planning to move (category ‘planned movement’);
older people who have already moved since they turned 60 (‘past movement’); and older
people who wish to neither move nor have moved before they turned 60. To test our
hypothesis, we consecutively analysed our data in terms of social class, migrant history,
and age. Descriptive analysis and statistical tests are used to test our hypothesis for
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planned movements and for past movements. It is unclear if elders who plan to move will
really move. Therefore, we test the dependency between elders who belong to the category
‘past movement’ and ‘planned movement’ and the recommendation to a friend to move
into the area. Our hypothesis comprises two cases: (1) that elders would not recommend
friends to move into their area if they themselves want to move elsewhere, and (2) that
they would recommend friends to move into their area if they recently moved there or do
not want to move anymore.

2.2.5. Statistics
We chose three different tests for our mixed dataset for testing dependencies between variables: χ2 -test, analysis of variance (ANOVA) and multivariate binomial logistic regression.
Firstly, χ2 -tests were used to test the relationship between two categorical variables.
Usually, the null hypothesis H0 is that the variables are independent while H1 means that
variables are dependent (Kabacoff, 2015). The p-value is the measure of dependency, and
if p 0.05, the relationship is significant with a probability of 95% (James et al., 2013).
Secondly, ANOVA has been used to test the relationship between metric and categorical
variables with the F-Test (Dormann, 2013). We did a one-way ANOVA because there is
only one classification variable (Kabacoff, 2015).
Thirdly, multivariate binomial logistic regression has been used to test the non-linear
influence of several variables on an independent variable. Contrary to linear regression,
categorical and binary parameters can be tested and non-linear functions are allowed as
predictors (Kabacoff, 2015). The statistical analysis was conducted with R in R-Studio.

2.3. Results
From our descriptive data analysis, we know that 46% of all elders from our survey (200
from 427) plan to move or have already moved. Note that these two events are not
mutually exclusive, i.e., some people have already moved but plan to move again. Among
all elders, there are 26% who plan to move and 26% who have already moved.
Figure 2.2 shows the age distribution of elders for past and planned movement. For past
movements, the analysis shows that there is a peek at the age of 67; then, the number of
movers remains comparatively high, has another peak at 70, and drops afterwards. There
are only a few elders who have moved after they turned 80. Note that for past movement
we considered the age of the participants at the time of movement. Therefore, it is possible
that in some cases someone moved at a certain age even though no one who participated
in the survey is of this age. This can be seen in Figure 2.2 for the age of 89. There are
also peaks of planned movement at 65, 70, 71, and 73. After reaching age 80, none of our
respondents is planning to move.
We cannot find any clear association between past or planned movement and migrant
background: 47.1% of all people without a migrant background and 46.7% of those with
a migrant background are willing to move. In some cases, older people from a certain
country have a higher willingness to move, but we only get a tendency because of the
small number of cases (N  45) when the dataset is split into the different countries. The
only group that wants to move more often consists of those who have left their country
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Figure 2.2.: Total age distribution of the respondents, the age distribution of people who
plan a movement, and distribution of moving age for past movement.
because of bad living conditions (55%, N  11). We obtained 43 responses stating the
reasons for migration. German language skills and length of stay in Germany did not show
any impact on the willingness to move.
From our descriptive analysis, we find that 48.4% of all females and 43.9% of all males
plan to move. Household income leads to less willingness to move when the monthly
income is very low ( 800) or very high (¡ 5000). People who have an income between
800 and 5000 per month have more or less the same willingness to move. By contrast, there
is a lower willingness to move the lower the education is. People with a high education
want to move in 51.5% of cases, people with a medium education want to move in 44.9%
of all cases, and people with a low education want to move in 38.9% of cases.
We found some tendencies for family status. Elders who are single (61%, N  54),
divorced (53%, N  79), or in a homosexual relationship (80%, N  10) have a higher
moving willingness than elders who live in another relationship. However, only a few
people who are living in a homosexual relationship answered the questionnaire.
The results of our statistical hypothesis tests are listed in Tables 2.2, 2.3, and 2.4. In
Table 2.2, we demonstrate that there is a dependency between age and planned and past
movement. In Table 2.3, the results of the χ2 -test are listed. There are dependencies
between planned movement, gender, family status, and if the elder would recommend
friends to move into the area. Dependencies for past movement exist for elders if they
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would recommend friends to move into the area. There is a dependency between categorised household income and the ISCED as can be seen in Table 2.3. There are no
dependencies between past or planned movement and migrant background.

Table 2.2.: Results of the analysis of variance (ANOVA).
Dependent Variable
Age
Age
Note: p



0.05 , p

0.01

 , p

Independent Variable

P-Value




Planned Movement
Past Movement
0.001  .

Table 2.3.: Results of the χ2 -test.
Dependent Variable
Planned Movement
Past Movement
Planned Movement
Past Movement
Planned Movement
Past Movement
Planned Movement
Past Movement
Household Income
Note: p
0.1, p
0.05  , p

Independent Variable

P-Value

Gender
Gender
Migrant Background
Migrant Background
Recommendation for friends to move into the area
Recommendation for friends to move into the area
Family Status
Family Status
ISCED
0.005  .







Table 2.4.: Results of the multivariate binomial logistic regression with interaction between
household income and ISCED.
Dependent Variable

Predictor I

Reference Group

Planned Movement
Planned Movement
Planned Movement
Past Movement
Past Movement
Past Movement
Note: p  0  , p
0.001  , p

ISCED: Low
ISCED: High
Household Income
ISCED: Low
ISCED: High
Household Income
0.01, p
0.05..

ISCED:
ISCED:
ISCED:
ISCED:
ISCED:
ISCED:

Medium;
Medium;
Medium;
Medium;
Medium;
Medium;

Moving:
Moving:
Moving:
Moving:
Moving:
Moving:

yes
yes
yes
yes
yes
yes

Log Odds

Std. Error

P-Value

1.6864
1.1415
0.0004
3.0306
0.2687
0.0002

1.608
0.5285
0.0002
2.0704
0.4995
0.0002


.

There are dependencies, measured with multivariate binomial logistic regression (Table
2.4), between planned movement, high education, and household income. The log odds of
the interaction values are low, which is caused by the low interaction values of household
income and are, therefore, not included.
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2.3.1. Reasons for Movement
Figure 2.3 lists the most frequently mentioned reasons for relocation. Age-related reasons
for movement, such as planning to move into a nursing home or the fear of being unable
to care for oneself, were rarely mentioned. More important are apartment-related factors
such as apartment size, rent, or lack of handicapped access. If past and planned movements are summarised, then movement because the apartment is not obstacle-free is one
of the most important reasons for movement (past 18.7%, planned 21%). Moving to a
smaller apartment is the leading reason for past movement (25.6%). Other reasons for
past movement are other reasons (5.5%), moving to assisted living (4.6%), moving into
a shared accommodation (4.1%), and movement to Berlin (2.3%). Reasons for planned
movement are bad connection with the train (4.4%), annoying living environment (3.9%),
other reasons (3.9%), change of the living situation (3.9%), flat is too small (2.2%), no
longer being able to live alone (2.2%), and movement to assisted living (1.1%).

Figure 2.3.: Main reasons for movement (% of respective movement type (past or planned),
multiple answers possible).

2.4. Discussion
Our results show that almost half of the older people in our survey plan to move or
have already moved. This contrasts with earlier studies, which stress the reluctance of
older people to change their place of residence (Kemper, 2001; Scharf et al., 2005), but
resonates with findings on the willingness of elders to relocate with the start of retirement
(Kricheldorff, 2017; Litwak and Longino Jr., 1987; Zimmerli, 2016). Even if we consider
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only respondents who put their intention into practice and actually moved after turning
60, a quarter of our sample still moved. The difference in our findings may be related to
the destination of movement. While earlier studies tend to focus on movements to nursing
homes and assisted living apartments (e.g., Nay, 1995; Taylor Jr et al., 2005; Teti et al.,
2012), our respondents moved (or planned to move) into apartments with lower rent or
that were smaller or closer to their social networks. We cannot exclude that the elders
moved into an old age residential home, but the main reason for movement is that the
new flat is cheaper. In addition, the tense housing market in Berlin is likely to affect the
comparatively high proportion of elders who consider moving. Both the consideration to
move and actual movement might result from gentrification and fear of being displaced
rather than from a voluntary decision.

2.4.1. Do Age, Social Class, and Migrant History Influence the actual and
planned movements?
Our results on the association between diversity – age, social class, and migrant history
– and willingness to relocate reveal patterns for age. Results from the ANOVA analysis
show that there is a dependency between age and moving behaviour, which resonates with
other studies (Hansen and Gottschalk, 2006; Teti et al., 2012). Our descriptive analysis
supports our hypotheses that, with increasing age, willingness to relocate decreases and
that there is a peak in the decision to move at 65–70 years. This links to the start of the
official retirement age of 67 and fits Litwak and Longino Jr. (1987) amenities move. Age
affects the inclination to move, but only until people turn 80. From a descriptive analysis,
we know that people who are older than 80 do not plan to move at all. This finding
confirms earlier studies that show high residential stability among the very old (Rowles
et al., 2003). Therefore, we conclude that there is an influence of age on moving behaviour
across people with different backgrounds.
In addition, our qualitative research indicates that social class – understood as level of
education and income – influences decision-making and behaviour in later life as income
impacts the ability and intention to move in terms of the possibility or pressure to move,
depending on income and rising rents. Furthermore, the household income influences
plans for movement. When we combine education with household income, we observed
some dependencies between social class and movement behaviour: There is a dependency
between the plan to move and high education with according household income, but no
dependency between past movement and social class. The result that elders with high
education and income plan to move more often overlaps with other research (Hayward,
2004; Sommers and Rowell, 1992).
With regard to migrant history, we presumed based on our qualitative research that
channel of migration would likely determine willingness to move, whereas a person’s country of migrant background would not have an effect. In our descriptive analysis, we did not
find any dependencies between migrant background/no migrant background and willingness to move. That was confirmed by the χ2 -test, as there is no dependency between the
two variables. In our descriptive analysis, we found some evidence for the assumption that
country of birth and nationality affect willingness to relocate. We also determined that
the channel of migration had no impact on an older person’s inclination to relocate. How-
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ever, the numbers of respondents with specific countries of birth, nationalities, or migrant
channels is low (e.g., eight people were born in Turkey and six were born in Bosnia), even
though the proportion of elders with migrant background who answered the questionnaire
nearly matches the proportions from the ER (11.5% in survey to 14% in ER). This means
that no reliable statement can be made based on the detailed breakdown of the different
countries of origin or the migrant channel.
In the descriptive analysis, the gender of our respondents gives only a tendency of possible movement, showing that older females tend to be more willing to move than are older
males. However, in the χ2 -test we found a dependency between planned movement and
gender, meaning that gender has an influence on planning behaviour but not on movements that actually happened. This contradicts our initial assumption that there is no
plausible connection between gender and willingness to relocate that we draw from our
qualitative research, as the statistical analysis reveals the influence of gender on willingness to relocate. Our findings partly overlap with earlier studies (Krout et al., 2003) that
confirm that gender influences the moving behaviour of older people. However, our finding that gender influences future movements contradicts Hansen and Gottschalk (2006),
who find no connection between thoughts of moving and gender. Further studies should
more deeply explore the differing impact of gender on planned movements as opposed to
accomplished movements and related reasons. Apart from that, we found other variables
that have an influence on moving behaviour, such as family status. Our findings suggest that elders that are living alone (divorced or separated) have a higher willingness to
move. In the future, these aspects need to be analysed in more detail, for example, why
a certain family status leads to certain moving behaviour. However, we did not find any
dependencies between past movement and other variables. The reason for that may be
that decisions are more complex and cannot be described with one or two variables, and
factors that are more complex and their interrelation have to be taken into account.

2.4.2. Why Do the Elders Move?
Our research shows that desire for a smaller apartment, an obstacle-free apartment, and
the need to move to a cheaper apartment are the top three reasons for movement (see
Figure 2.3). Although elders with different backgrounds participated in our survey, all
three reasons can be explained by ageing rather than by diversity: The desire to move to an
obstacle-free apartment in later life is quite plausible because, Germany-wide, less than 3%
of apartments are equipped for people with reduced mobility (Nowossadeck and Engstler,
2017). The large number of elders who move into smaller flats is a bit surprising because a
movement into a smaller flat usually leads to higher housing costs due to increasing rents.
Nevertheless, this seems not to be an issue in our sample. One possible explanation is
the large number of elders with good education and possible higher income, which enables
movement. In addition, some older people intend to move because of increasing rents.
This could be a Berlin-specific result, given the tense situation of Berlin’s housing market
and on-going gentrification (see, Holm, 2014), but since the average rent in Germany for
people aged 40–85 increased between 1996 and 2006 by 57% (Nowossadeck and Engstler,
2017) , the problem of rising rents also affects people across the country and possibly even
abroad.
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As income, usually decreases in retirement, older people are particularly vulnerable
when it comes to gentrification and rental increases. These developments could lead to
more movement among older people when they are forced to move into cheaper apartments
or it could reduce movement because an old rental contract guarantees a relatively low
rent. Consequently, moving to a smaller apartment could mean moving to an apartment
with higher rent. That might explain that more people plan to move because of increasing
rents than actually moved. Elders are not able to find a cheaper flat somewhere else and
stay in their current apartment. This also helps to explain the low number of people with
low income intending to relocate. It is quite plausible that older people with an income
lower than 800 per month cannot find any affordable apartments to move to. Our data
also reveals older people’s desire to age close to other older people, be it in special housing
projects or in a neighbourhood of one’s friends. This finding is in accordance with other
studies pointing to the growing importance of social networks and friendship in later life
(Böger et al., 2017).
To predict and evaluate the movement behaviour of elders, it might be helpful to differentiate between voluntary and involuntary factors because such an approach could point
to possible destinations and reasons for movement (Perry et al., 2018; Wiseman, 1980).
Both aspects are partially covered in our survey, yet hard to differentiate.
Given that their prolonged lifespan now means that ‘the elders’ comprise an age group
spanning nearly four decades, it becomes increasingly important to take motivations for
movement other than age-related factors into account. Furthermore, it may be useful to
split elders into smaller age cohorts, such as ‘young old’ ( 80) and ‘old old’ (¡ 80).

2.4.3. Limitations
The findings of our study are limited by the fact that people with low education are underrepresented. For a thorough statistical analysis, the sample size of people with a migrant
background is too small to account for the different specific countries of birth and nationalities among the elders in Berlin. Thus, our hypothesis concerning migrant backgrounds
cannot be answered conclusively despite our sample nearly representing the actual percentage of elders with migrant background in the population. In addition, the method
of distributing the survey in counselling centres and meeting places for elders is likely
to address a well-connected community and probably explains the underrepresentation
of people aged 80 . It is also possible that the respondents misunderstood the question
about household income and stated their individual and not the combined income, which
complicates any direct comparison.
Furthermore, it is difficult to estimate if elders who said that they sometimes consider
moving will actually move. We tried to add reliability by comparing the dependency of
planned movement with the question of whether elders would recommend friends to move
into the area. Our findings show that there is a dependency between recommendation
and planned movement, and so it is likely that a recommendation/no recommendation
might lead to a stay in the area/movement to another area. However, there are still many
factors that will influence future movements. Therefore, other aspects might be considered
in the future as well (e.g., how close doctors are, or if there are parks close by), to make
a prognosis on planned movement even more reliable.
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Another limitation for the calculation of dependencies is that there are only a few
respondents if the sample is split into smaller groups. Affected by this is, apart from the
country of origin, low education (N  24), people who live in a homosexual relationship
(N  10), and people who live in a relationship without being married (N  17). The
larger the number of respondents per category, the more reliable the estimated probabilities
will be. The small number of respondents in the low education category, therefore, can
be the reason for the high p-values in Tables 2.3 and 2.4. If the number of respondents is
low, the resulting calculated p-values might not reflect the true p-values of the hypothesis
and a significant relationship might exist in some of the cases (Casella and Berger, 2002).
A further aspect is that we were not able to cover all influencing factors in our survey
to limit its overall length. We selected factors based on literature review and expert
interviews, which we think are the most interesting and influential concerning diversity
and mobility. However, to get a complete picture, further studies are needed to cover
other aspects, such as the need for care or decreasing mobility in later life.
In this article, we did not analyse where the elders are moving to, as the focus lies on
the current location and why an older person might want to move. The next step would be
to analyse what the preferred destinations are, and whether certain groups have different
targets than others. When this step is concluded, a prognosis of the development of the
spatial pattern is possible.

2.5. Conclusions
The inhabitants of European cities are becoming both older and more diverse. As the
everyday life of older people primarily takes place around their place of residence (Baltes
et al., 1999), the key for age-friendly communities lies in the immediate living environment.
Urban politicians and planners need to know older people’s plans to relocate in order to
ensure health care and social services nearby. Therefore, the aim of this article was to
estimate the extent to which diversity in terms of age, gender, social class, and migrant
history affects older people’s willingness to relocate. Drawing on a quantitative survey
from Berlin with 427 respondents, our analysis shows that age is one of the variables that
affect willingness to move. We observed a peak in movements in the 65–70 age group
and a drop in willingness to relocate at the age of 80. Small tendencies are visible with
regard to gender in the descriptive analysis, as females show a slightly higher willingness
to move. However, gender only has an influence on planned movement and not on actual
movements according to dependency tests.
In addition, testing social class and its influence on movement shows that elders with
high education plan to move more often, which also overlaps with findings of others (Teti
et al., 2012; Zimmerli, 2016). We did not find any dependency between low education and
willingness to move. A potential future research direction would be an analysis of leading
factors of differences in planned and past movements, including research on voluntary
and involuntary moves. Usually, elders with higher education have higher income and,
therefore, more possibilities to move. However, the effort might be too high, which leads
to no movement in the end because they might be able to cope with more push-factors
due to their high income.
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Reflecting on our initial objective of estimating how diversity in later life – in terms of
age, social class, migrant history, and gender – affects willingness to relocate, we conclude
that age clearly affects willingness to relocate, which could indicate a particular importance
of age ahead of other differences. One might argue that the ageing process affects everyone
equally, especially when it comes to very old age. Physical and mental constraints come
to the fore and people experience similar change and meet similar challenges, regardless
of their social and cultural background. In addition, it seems necessary to analyse age
groups separately and not ‘elders’ as a single group. Other factors, such as gender and
education, need to be analysed in detail in future studies since they show some tendencies
concerning willingness to move.
We conclude that the ‘classical’ variables we used – social class, gender, age, and migrant
history – are not sufficient to make general statements about the movement behaviour
of older people. Other factors and their interrelations need to be included, as already
conducted when using the variable ‘social class’ and its influence on past and planned
movement. Considering the reasons our respondents gave for their motivation to move,
such as moving to apartments that are accessible to the handicapped, smaller, or cheaper,
it might be more appropriate to form groups based on people’s physical condition, their
social networks, or the size of their apartments.
Future research should start here and explore the impact of these less common variables
on the willingness to relocate. It should also engage deeply with the interrelations between
well-known variables. To identify influential variables, it will be helpful to analyse motivations be hind the willingness to move and rethink categories that are quite naturally
used to group people. Given the complexity of the variable ‘migrant history’ for example,
we recommend the application of a qualitative methodology to understand connections
between migration-related experiences and willingness to relocate in later life. To enable
planning and city administrations to respond appropriately to the existing willingness to
move among older people, more research should address motivations for movement as well
as destinations of relocation. As the broad age group of ‘the elders’ encompasses nearly
four decades, not all movements are into nursing homes. Alternative destinations, such as
projects for convivial ageing, small and easily accessible apartments, or quiet and green
neighbourhoods, deserve more attention in research and practice. Knowing the determining factors behind older people’s willingness to relocate, their motivations, and their
preferred destinations is a first step to creating cities and communities that respect manifold needs and wishes of people in later life and providing liveable neighbourhoods for all
generations.
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Abstract
Information about the spatial patterns of residents is essential, especially when elderly
people are involved, as their action range is confined to their residential location. Since
knowledge about patterns of elderly people in cities is limited, this paper formulates steps
for the initialisation of an agent-based model, combined with different data sources. The
first step is to identify different types of elderly people using cluster analysis, and then the
clusters are expanded into agent typologies with behaviour rules, which form the basis for
an artificial population. The clusters are derived based on survey data and then analysed
and modified using insights from census data and expert interviews. The agents’ relocation
behaviour is estimated based on literature research, expert interviews and a survey. The
spatial information of the agents is added with a spatial microsimulation. The resulting
artificial population presents the real population well and can be used in an empirically
grounded data-driven Agent-Based Model.
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3.1. Introduction
In the last decades, the number of people living in cities has increased continuously, leading
to a change in demographic structures (Haase et al., 2018). Concurrently, the population
in Europe has aged and become more socially and culturally diverse, which will alter the
social and spatial patterns of European cities (Lutz et al., 2008). In the relevant literature,
it is assumed that there is a fundamental connection between increasing diversity and the
way people age and how they define and experience ageing (Enßle and Helbrecht, 2018).
Little research has been conducted on what form this connection takes and how strong it
is (Angel and Angel, 2006).
Another aspect that is widely neglected is the influence of the spatial surroundings on
the ageing process, even though the spatial surrounding of the living location of elderly
people is essential, as the action range of most people decreases the frailer they get (Baltes
et al., 1999). Furthermore, the elderly residents have different needs compared to younger
residents, such as the need for medical care close to their home or public transport that
is accessible without physical barriers (Nowossadeck and Engstler, 2017). Research has
shown that neighbourhoods are important for the physical and mental health of elderly
people (Butler, 2021; Teti et al., 2012). This has led to the growing importance of certain
facilities and infrastructures close to their homes (Menec et al., 2011). However, there is
no research on the factors influencing the location choice of older people and, thus, the
spatial distribution of elderly people and the composition of their neighbourhoods. The
fact that individuals remain in their current living environment or choose to relocate on the
micro-level can lead to macro-level changes and aggregations of the elderly in particular
areas.
Simulating elderly people in a model can help to understand them and their (spatial)
behaviour better. However, replicating human behaviour in cities with their complex and
adaptive behaviour is notoriously difficult. The reason for this is the complex dynamics
and processes at the micro-level and the necessity of modelling different components, their
interconnections, behaviour, feedback and emergence (Heppenstall et al., 2016). One
possibility for modelling humans is a bottom-up approach that focuses on individuals
which helps to simulate how the behaviour of single entities can influence macro-level
spatial development (Epstein and Axtell, 1996).
Agent-Based Models (ABMs) are a suitable approach for modelling a simplified version
of the complex behaviour of individuals in cities. They are also utilised to model populations with non-linear behaviours (Buchmann et al., 2016; Haase et al., 2010). Three main
phenomena are represented in an ABM: individuals as agents, their social networks and
the agent environment (Smajgl et al., 2011). Changing positions of agents and interactions between agents can be included, which is not possible with other modelling types
(Bonabeau, 2002; Crooks et al., 2018). However, the implementation for modelling ABMs
is neither empirically nor theoretically sufficiently explained in different model documentations, which also leads to difficulties when comparing approaches (Müller et al., 2013).
Therefore, it is an important aspect of ABMs to describe the entire model to make it
reproducible and easy to understand for others. There are different ways to describe the
modelling approach with ABMs. One of them is metamodels. Essentially, a metamodel is
a model that describes the behaviour of an original model on a higher hierarchical level
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(Gore et al., 2017).
Metamodels also describe and define what agents are. According to Omicini et al.
(2008), agents are the individual entities controlling the goals that build up the entire
ABM. Agents can be active (interacting with others and their environment) or passive
(not interacting) (Goldspink et al., 2000; Omicini et al., 2008). The implementation of
agents can also be conducted in different ways. Agents can be both goal-governed entities
with explicitly represented goals and entities with implicitly represented/encoded goals
(Omicini et al., 2008). Furthermore, the levels of aggregation of the agents can differ. Some
ABMs have developed scenarios using the household level (Haase et al., 2010; Heppenstall
et al., 2016; Jordan et al., 2012). Other approaches aggregate agents based on their
attributes or behaviour rules. Smajgl and Bohensky (2013), for example, developed agent
as agent typologies (AT) with quantitative approaches based on large datasets and their
matching attributes or behaviours. In the following, aggregated agents are called ‘agent
typologies’ (ATs) following Rounsevell et al. (2012) and Smajgl and Bohensky (2013) that
have the same attributes and behaviour. A single artificial person out of these ATs is
called ‘an agent’.
There are different approaches to deriving agents and behaviour rules and including
empirical information into the model. Empirical characterisation and parameterisation
of human decision-making processes can involve different methods that include expert
knowledge, surveys, census data, interviews, literature research and participant observation (Janssen and Ostrom, 2006; Smajgl et al., 2011). Also, how information is transformed
into agents is different. Some developers use every observation as an agent (Kavak et al.,
2018); in other cases, the agents and their behaviour are derived with machine learning (e.g. unsupervised learning) and/or data mining approaches, such as cluster analysis
(Rounsevell et al., 2012).
In addition to experimental and case study research, social scientists rely heavily on
combined large surveys to understand how various individual-level factors affect the agents’
attitudes and behaviours (Janssen and Ostrom, 2006). Other approaches combine case
studies with datasets to cover the background of persons and their behaviours (Janssen and
Ostrom, 2006; Smajgl et al., 2011). To get a reliable result, it also helps to include several
case studies with a meta-analysis, as different authors tend to identify different casual
factors as being important for the processes and outcomes that are observed. With this
hybrid method, the researcher has multiple sources but incomplete information to develop
the different components of the system (Janssen and Ostrom, 2006). The abovementioned
approaches can be used to derive an empirically grounded data-driven ABM. However,
this does not solve the possible lack of spatial information.
One way to solve this challenge is to include a subset of advanced ABMs, which is a
spatial microsimulation. This model type generates individual-level data that are allocated
to administrative zones. However, the term spatial microsimulation is ambiguous and
is used for different approaches (Lovelace and Dumont (2016); for further information,
see O’Donoghue et al. (2014)). Following Lovelace and Dumont (2016) the term spatial
microsimulation is used to describe the method of combining spatial and non-spatial data.
Contrary to ABMs, no interaction between agents is included in spatial microsimulation
(Lovelace et al., 2014). In this paper, the spatial microsimulation is defined as a method
for combining spatial and non-spatial data based on stochasticity.
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After the model is initialised, it is important to perform a validation or a quality measure, as simulations cannot generally be proven to be completely free of errors. Therefore,
measures of success are needed to determine whether a simulation’s implementation can be
regarded as credible. It is possible to determine whether a simulation adequately reflects
the modelled system or to compare the simulation’s behaviour against empirical evidence,
such as census or survey data (Lynch et al., 2020). Especially, unsupervised data mining
approaches benefit from appropriate visual exploration and interaction (Feldkamp et al.,
2020). However, data or general information are necessary for an evaluation.
Concluding, we found many (empirical) ABMs, where the behaviour of the ATs is based
on random triggers and does not consider behaviour rules based on real data. This means
that the behaviour of the resulting population is not based on detailed initial information
(Smajgl et al., 2011). One reason is that the data for empirical information about the
decision-making process is often not available (Janssen and Ostrom, 2006). Therefore, the
ATs of an ABM and their behaviour rules are based on many approaches in literature
research or expert interviews and not on surveys or census data (Crooks and Heppenstall,
2012; Macal and North, 2010). Theoretically, ABMs can work with data and theories
from different sources and derive behaviour rules accordingly (Bruch and Atwell, 2015),
and it is often necessary to combine qualitative and quantitative approaches, as population
census’ and public surveys focus on population characteristics rather than behaviour (e.g.
relocation rules) (Malleson and Birkin, 2012). However, studies that demonstrate how to
combine approaches for initialising ATs and their behaviour rules of an ABM are limited.
The initialisation shows how the model looks at time step t0 before the actual simulation
starts (Grimm et al., 2010).
Another challenge is that agent interaction with and through the environment still
lacks a well-grounded conceptual foundation (Omicini et al., 2008). The challenge is that
the data needs to reflect the behaviour of the population while providing the location
of individuals in space. However, accurate, geocoded microdata is often not available
(Lovelace et al., 2014) and it is a common problem in deriving spatial information for
ATs (Burns et al., 2018; Lovelace et al., 2014; Lovelace and Dumont, 2016). One way to
work around scarce data is to combine datasets with nonspatial and spatial information
(Lovelace et al., 2014; O’Donoghue et al., 2014).
So far, we believe no study has identified and characterised different groups of diverse
elderly using a mixed-method approach based on a comprehensive dataset. With our
approach, we want to answer the question ‘How to derive a diverse elderly artificial population for an ABM?’. We also intent to show the interrelation of data-driven social research
and empirically grounded ABMs, which is rarely done and no consistent approach has been
introduced so far (Bruch and Atwell, 2015). Furthermore, we will to explore how data
sources can be combined in an effective way to derive agents with spatial information.
This paper aims to derive diverse and ageing agents using a mixed-method approach
for the case study of Berlin. More specifically, we (1) identify clusters of a diverse ageing
population based on survey data, (2) characterise agent typologies based on the clusters
and their respective relocation behaviour, (3) determine the location of the diverse and
ageing agents with a spatial microsimulation. The result is a passive, artificial population
that can form the initialisation population of an empirically grounded data-driven ABM,
which can be used in future work. We aim to describe every step as accurately as possible
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to make our approach adaptable for other researchers.
A preliminary workflow is described for how to derive (passive) agents regarding Berlin,
Germany, based on survey and census data, which are based on the German Ageing Survey
(DEAS) and the register of residents (Einwohnermelderegister in German (ER)) dataset
(Deutscher Altersuvey: SUF DEAS, 2014; StatIS-BBB, 2017). The behaviour rules of
the diverse agents are based on expert interviews, our survey and literature research (see
among others, Oswald et al., 2013; Teti et al., 2014; Zimmerli, 2016).

3.2. Methods
The general approach for deriving an empirically grounded ABM is to first formulate the
model and then identify different classes of agents (Figure 3.1, M1). Agents that have the
same behaviour(s) are in the same agent class as described in sub-section 3.2.4 framework
can be either to specify the values for agent attributes (M2) or the parameters for the
behavioural rules that agents follow (see sub-section 3.2.6). These methods for deriving
agents can be based on, among others, cluster analysis or expert knowledge. Each resulting sample is assumed to represent a specific number of other agents determined by
the proportion of the population and is then cloned, accordingly. Cloning means that
each respondent is replicated to represent a certain amount of the entire population or
sample size. It does not mean that all agents of one clone have to be identical, as ranges
of values or measures of variability can be used to introduce some level of heterogeneity
(Smajgl et al., 2011). When the sample-based data need to be translated into behavioural
representations for the whole population, an upscaling can be used (M5). This can either
be proportional upscaling, where every sample is representative of the whole population
or disproportional upscaling. Disproportional upscaling is needed if behavioural minorities tend to determine system dynamics, such as free riders, in common pool situations.
Disproportional upscaling is based on the development of ATs (Smajgl et al., 2011).
The primary aim of our approach is to derive agents based on real data. However, as
the data is not sufficient, we also have to base our agents on literature and own research
(expert interviews and survey, see sub-section 3.2.2). Following the approach by Smajgl
et al. (2011) (Figure 3.1), we first formulate the model. The first step is to derive passive
agents without a social network who are, thus, not interacting. Contrary to Smajgl et al.
(2011), we also implemented a spatial attribute for the agents (see sub-section 3.2.7, Figure
3.1, M7). This leads to an additional step after the artificial non-spatial population is
generated through upscaling (Figure 3.1, M5). Between the different steps, validations
and quality measures were conducted (see sub-section 3.2.5 and Figure 3.1, M6, M8).

3.2.1. Study area
We chose Berlin as a case study. It is the capital of Germany and has 3.7 million inhabitants. There are approximately 700, 000 Berliners which are 65 years old and older. This
population group will be modelled in this study (StatIS-BBB, 2017).
Berlin is an excellent study area for the research aims of this paper, as it is a large
dynamic city with many elderly inhabitants who have heterogeneous and diverse backgrounds. In 2007, 560, 000 Germans and 35, 000 immigrants which are 65 years old and
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Figure 3.1.: Flowchart of our approach following Smajgl et al. (2011). M1 shows how the
agents are identified. In M2, agents’ attributes are identified, while in M3,
their behaviours are established. The agents’ attributes were used for cluster
analysis to aggregate the agents to ATs (M4a). First, behaviour rules are
established (M4b). In the next step, an upscaling is done (M5) and the resulting ATs are evaluated (M6). If necessary, additional ATs are included and
the finishing behaviour rules derived. Afterwards, a spatial microsimulation
is done (M7) to give the agents their spatial units. The results are again
evaluated (M8). If any evaluation shows that the result is not satisfying, the
previous step needs to be adapted

older lived in Berlin. In 2017, these numbers changed to 630, 000 and 56, 000, respectively.
The number of Germans with a migration background remained the same with 30, 000.
In Germany, it is common practice to differentiate between a) Germans = persons of German nationality, born to parents of German nationality; b) Germans with a migration
background  persons with German nationality who were born either in Germany or in
another country and have at least one parent, who does not have German nationality; and
c) immigrants  persons who do not have German nationality (StatIS-BBB, 2017).
Berlin is divided into different types of spatial units. The spatial units have a certain
socio-economic and urban built-up homogeneity and similar population numbers (SSW,
Senatsverwaltung für Stadtentwicklung und Wohnen, 2006). Data from the ER is available
for the local planning units (Planungsräume in German (PU)) (StatIS-BBB, 2017). These
are the smallest spatio-statistical units available from the agency for statistics in Berlin.
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3.2.2. Expert interviews and survey
The expert interviews that were undertaken in the course of this project are important
for three reasons. First, they contributed information for identifying attributes as input
values for the cluster analysis (Figure 3.1, M2) in which the ATs were based (M4a). This
is an important step, as the output of the cluster analysis depends on the input (Bortz,
2005). Second, the interviews were used for a quality measure of the results of the cluster (Figure 3.1, M6). Third, they aid in estimating the possible relocation behaviour of
individuals (M4b). Interviews were conducted in 2018 with 18 experts who were representatives from counselling centres, social meeting places and initiatives for elders in
Berlin. We focused on people who worked with the elderly with a diverse background, as
they are not sufficiently covered by the available data (e.g. there are only three elderly
people in the DEAS dataset with a background of migration). To reflect the diversity of
the older generation, we selected interviewees working with clientele with different backgrounds regarding ethnicity, migrant history, social class, gender, sexual orientation and
bodily ability. The interviews followed an open approach and comprised five overarching
topics (leisure activities, challenges of the ageing process, social networks, intersectional
ageing experiences and housing conditions and motivations to relocate in later life). To
understand motivations to relocate, we specifically discussed older people’s attachment to
place, the special needs of elders, such as barrier-free flats, access to health care, social
infrastructures and transportation, reasons for relocation and the role of neighbourhood
inclusion (Enßle et al., 2020; Enßle and Helbrecht, 2020).
We analysed the interviews following the approach by Mayring (2000) for qualitative
content analysis using software management program MAXQDA. This helped detect patterns of relocation that relate to special social groups (Haacke et al., 2018). This helped
to identify characteristics that influence the relocation behaviour of older people in Berlin
(see Table 3.1).
Important variables mentioned in several papers or that which we derived, were included
in the cluster analysis as input variables. Important factors include, for example, the
economic background (Choi, 1996; Smetcoren et al., 2017; Teti et al., 2012; Wiseman,
1980) and the amount of rent that everyone is paying (Butler, 2021; Haacke et al., 2019;
Zimmerli, 2016). Other aspects are family background (Choi, 1996; Haacke et al., 2019;
Zimmerli, 2016), gender (Haacke et al., 2019; Teti et al., 2012) and information about the
flat elderly people live (Butler, 2021; Haacke et al., 2019; Teti et al., 2012; Zimmerli, 2016).
With these and some other aspects (such as the social network), it is possible to estimate
how likely it will be that an elderly relocates (Table 3.1).
Because there is no data available for the relocation behaviour of an elderly, diverse
population, a survey was conducted in 2018, as described in Haacke et al. (2019), to
discover the reasons for relocation in Berlin. In this survey, questionnaires were distributed
using the snowball effect. It was answered by 362 persons which are 65 and older. We
asked, among other questions, if the elderly have already relocated since they turned 65 or
whether they sometimes plan to relocate and the reasons for past or possible relocation.
Based on the responses, we found the most common reasons for relocation and their proxy
variables, in which one can estimate how likely a reason for relocation is (Table 3.1).
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Table 3.1.: Attributes that hinder/lead to the relocation* of elderly. attributes that are
not used for the relocation estimation
Neither all attributes lead to relocation nor in each case to a relocation at all
(that’s why we are working with probabilities)
Attributes that lead to relocation

Attributes that hinder relocation

Variables (DEAS)

Financial status (Wiseman (1980)), lower household
income (Choi (1996); Smetcoren et al. (2017)), very high
household income (Choi (1996); Teti et al. (2012))
Higher education (Teti et al. (2012); Zimmerli (2016))

Low income (Haacke et al. (2019);
Teti et al. (2012); Zimmerli (2016)),
high income (Haacke et al. (2019))
Lower education (Haacke et al. (2019))
(Teti et al. (2012))
Gender: male (Haacke et al. (2019))
(Teti et al. (2012))
Marital status: married (Choi (1996))

Net household income

Gender: female (Haacke et al. (2019); Teti et al. (2012))
Marital status: single, divorced (Choi (1996);
Haacke et al. (2019))
Moving to a smaller apartment (Haacke et al. (2019);
Butler (2021); Zimmerli (2016))
High rent(Butler (2021); Haacke et al. (2019);
Zimmerli (2016))
Termination rental contract (Haacke et al. (2019);
Zimmerli (2016))
Purchase of home (Zimmerli (2016))

Education
Gender
Marital status
Apartment size
Rent
Home owned/
rented
Home owned/
rented
Health status
(own/partner)

Declining health/institutionalization (Choi (1996);
Zimmerli (2016))
Movement to a flat without barriers
Butler (2021); Haacke et al. (2019); Teti et al. (2012))
Changes in the neighbourhood (Butler (2021))
High housing satisfaction
(Zimmerli (2016))

Satisfied with the
living situation

3.2.3. Data
To make this approach widely applicable, datasets that may be accessible in the same
or similar form for other cities and countries were used. Important is, that the datasets
provide demographic information on an individual level. Two datasets were used for this
study: a survey from the German Centre of Gerontology (DZA) and census data from
the ER. For the cluster analysis, the DEAS from 2014 provided by the DZA (Deutscher
Altersuvey: SUF DEAS, 2014) was used (Table 3.6 in the supplementary files 3.6). This
dataset is available for the entire Germany at the county level. The data were used for
Berlin. The DEAS regularly assesses, for example, family background, social network,
income, household size and other variables concerning the elderly population in Germany.
The most recent dataset from 2014 was used. In this study, the elderly living in Berlin was
first selected and only the questions answered by more than 10 persons were considered
to obtain a meaningful estimated behaviour and create agent typologies. The relevant
attributes were selected with the help of expert interviews and literature research. In the
end, a dataset with 153 observations (elderly people ¥ 65 years) and 49 variables was
obtained. While this dataset contains extensive information on the diverse background of
the elderly, it does not contain any information on relocation behaviour, place of residence,
or any other spatial information.
In the following, aggregated agents are called ‘agent typologies (ATs)’ and a single
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artificial person out of these agent typologies is called ‘an agent’. To allocate the ATs
resulting from the cluster analysis in space with a spatial microsimulation, data from
the ER, which can be downloaded on the webpage of the Agency of Statistics of Berlin
(Statistisches Bundesamt Berlin (SBB) in German) were used. Also, a dataset from 2014
was used since the DEAS dataset is from the same year (StatIS-BBB, 2017). While the
ER dataset only contains a few attributes, such as age, gender, migration background and
marital status, it provides information on where in Berlin the elderly live on the aggregated
level of the 447 PU (Figure 3.2).

Figure 3.2.: Spatial distribution of elderly (age¥ 65) in Berlin in the year 2014 (StatISBBB, 2017)

3.2.4. Cluster analysis
To identify the different types of diverse elders and create a sample population (Figure
3.1, M4a), cluster analysis was conducted. The input dataset described in Chapter 3.2.3
contained information about social background, personal data, living situation and social
networks (Table 3.6 in the supplementary files 3.6). Cluster analysis is useful to group
observations that are similar to each other (for further information, see Hastie et al.
(2017); James et al. (2015); Kabacoff (2015)). In this case, hierarchical clustering for the
153 observations of the DEAS dataset was applied (Deutscher Altersuvey: SUF DEAS,
2014). This technique is an unsupervised data mining method that derives clusters based
on the information in the data (Feldkamp et al., 2020). Observations related to each
other are put in one cluster. The bigger the similarity within a group (which means the
smaller the distance between observations) and the bigger the differences between groups,
the better the clustering. The advantage of hierarchical clustering is compared to, for
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example, k-means, that predetermining the number of clusters is not necessary (Kabacoff,
2015). For higher reliability of the results, questions that were answered by more than
100 observations were only included.
The input for the cluster analysis was the distance matrix of the variables calculated
with the input data. Afterwards, the distance or metric between the different entities
was calculated. With this, the algorithm combined clusters. A linkage criterion specifies
dissimilarities as a function of pairwise distances of observations (Kabacoff, 2015). In
this case, Gower’s distance was chosen after comparing the output of different linkage
approaches. This means that standardisation was applied to each variable in the sample,
which rescales the data between 0 and 1 (Maechler et al., 2017).
After calculating the distance, the ward method was used to group the data points
corresponding to their distance. We chose this method because it tends to fit the cluster as
homogeneously as possible. Furthermore, this approach joins clusters with small numbers
of observations and roughly the same number of observations (Kabacoff, 2015). It is based
on group variance rather than linkage. It starts with n clusters with one observation and
groups them together in every step based on the smallest increase in the variance in the
new cluster until all observations are in one cluster. This approach is more suitable for
quantitative and non-binary variables (Anderberg, 1973), which we have in our dataset.
Another reason for choosing the ward method is that it focuses more on the similarity
of observations than on the smallest differences. As the clusters are the basis for the
behaviour rules, it is more useful to find clusters with the highest similarity, as they are
more likely to have the same relocation behaviour.
To set the number of clusters, grouped by the ward method, a scree plot is used. It
shows the proportion of variance within each cluster, depending on the number of clusters
and the point at which the variance drops off. This point is described as the elbow on the
scree plot (James et al., 2015). For the calculation of the clusters, R was used.
To obtain a better reproduction of the real population and not lose any attributes,
we decided to clone the agent typologies according to the distribution of the attributes
in the clusters and, thus, did a disproportional upscaling as described by Smajgl et al.
(2011) (Figure 3.1, M5). The upscaling was done as follows: In the first step, the ATs
were implemented related to the number of observations in every cluster regarding all
observations in the dataset. This means that the agents created out of cluster number
one make 16 % of the entire artificial population, as 24 out of 153 observations are in this
cluster.

3.2.5. Quality measure of the clusters
After the cluster analysis, we compared our resulting clusters with externally known results
for a quality measure (Tan et al., 2006; Tibshirani, 2009) (Figure 3.1, M6). The knowledge
for the comparison is derived from expert interviews, census data and literature research.
We did not conduct a statistical evaluation of our results. The clusters matched our
expectations in most cases. However, while comparing the resulting artificial population
with the census data from the ER (Table 3.2), we noticed that some of the very young
elderly were missing, while the very old elderly (¥ 90) were overrepresented. Therefore, we
added two ATs of the very young as age is one of the most important aspects for relocation
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(Choi, 1996; Haacke et al., 2019; Teti et al., 2012). For this, we chose the available
attribute distribution (sex, age, gender, migration background and family status) of the
corresponding age groups from the ER. Two ATs were added for this age group instead of
one to create agents between the ages of 65  69 with different relocation behaviour rules.

Table 3.2.: The column with ‘Cluster Population’ describes the artificial population after
the cluster analysis before the quality measure, the column with the header
‘Artificial Population’ shows the population derived with the combination of
agents derived with the cluster analysis and agents that are added due to
literature research and expert interviews
Variables

Attributes

Cluster
population

Artificial
population

ER
population

Migration bg

German
Migration bg
Immigrants
Female
Male
Married
Divorced
Widowed
Single
Other
65  69
70  74
75  79
80  84
85  89
¥ 90

96%
4%
53%
47%
58%
16%
22%
3%

95%
5%
53%
47%
57%
17%
21%
5%

17%
28%
22%
13%
8%
12%

23%
26%
20%
12%
7%
11%

90%
3%
7%
57%
43%
54%
14%
25%
7%
1%
24%
29%
23%
13%
7%
7%

Sex
Marital status

Age





Furthermore, we noticed that, compared to our findings from expert interviews, an AT
was missing who lived on the basic provision. In Germany, elderly people can receive basic
provisions if their pension is too low (BMAS, Bundesministerium für Arbeit und Soziales,
2018). Therefore, we created an AT that receives basic provision based on several data
sources (Buslei et al., 2019; Destatis, Statistisches Bundesamt, 2020; Kaltenborn, 2016;
Thissen, 2019). Finally, we had 11 ATs.
For the upscaling (Figure 3.1, M5), we first calculated the percentage of ATs related to
the entire population based on the ER population and those who received a basic income.
The remaining artificial population was filled with ATs derived from the clusters. Then
an upscaling was again conducted to create an artificial population with 600, 000 agents.
The resulting artificial population lacked a spatial location and required behaviour rules.
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3.2.6. Derive relocation probability as behaviour rule
After deriving the ATs, behaviour rules were estimated based on the attribute values
(Table 3.3 and Table 3.4) of the AT (Figure 3.1, M4b). The aim is to implement agents
with encoded goals and relocation probabilities as behaviour rules (Omicini et al., 2008).
The main goal of the agents will be to live in their current location, as the elderly want to
remain in their current living situation as long as possible (Oswald et al., 2013). Therefore,
agents can be expected to have generally low relocation probabilities.
Table 3.3.: Attributes and weights for AT based on the cluster analysis
Variables

Attributes

AT 1

AT 2

AT 3

AT 4

AT 5

AT 6

AT 7

AT 8

Gender

Male
Female

Marital status

Married living with partner

20
80
50
10
10
30
0
30
0
10
40
0
20
80
0
10
30
0
10
0
30
30
20
0
100
0
0
10
20
20
0
0
20
0
50
30

80
30
0
0
30
60
10
50
0
0
20
20
10
90
0
20
60
0
20
30
50
10
0
0
50
0
10
40
10
0
0
30
20
20
40
0

50
50
100
0
0
0
0
20
30
0
30
0
50
40
10
10
40
10
0
0
10
20
10
20
50
0
0
20
20
10
0
0
20
10
30
40

40
60
0
0
0
100
0
0
0
0
100
0
70
10
10
0
100
0
0
0
0
100
0
0
80
0
0
50
0
0
10
0
40
20
20
0

80
20
30
0
30
30
0
0
0
0
50
0
30
80
0
0
50
30
0
30
80
0
0
0
20
40
0
20
30
0
0
30
10
0
60
0

50
50
80
0
20
0
0
0
0
0
100
0
100
0
10
0
70
10
10
0
0
0
60
20
80
0
0
0
0
0
0
10
10
0
50
40

60
40
90
0
10
0
0
40
0
0
50
0
20
80
0
10
50
10
0
0
40
50
0
0
10
10
0
40
20
0
0
0
20
10
50
20

10
90
40
0
30
20
10
70
0
20
0
0
10
90
0
20
0
0
20
10
30
30
0
0
10
10
0
20
20
10
0
10
40
20
30
10

Married not living with p.

Education

Property
situation
Health status
partner

Nr rooms

Current living
situation
Rent [¿]
Net household
income [¿]

Divorced
Widowed
Single
Hauptschule (8 years)
POS 8th grade
Fachabi (11 years)
Abitur (11{12 years)
No graduation
Owner
Main tenant
Rent free
Very good
Good
Bad
Very bad
1
2
4
5
6
Very good
Intermediate
Bad
500
750  1000
¡ 1000
700
700  1100
1100  1600
1600  1800
1800  3000
¡ 3000

Following Janssen and Ostrom (2006), we conducted a meta-analysis with thorough
literature research, combined with our own research, to estimate which attributes lead to
relocation or to agents who rather stay in their current location, which is the basis for
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Weight




















Table 3.4.: Attributes and weights for AT based on data and expert interviews
Variables

Attributes

AT Basic income

AT 65  69

AT 65  69

Weight

Gender

Male
Female
Married living
with partner
Divorced
Widowed
Single
700

40
60
10

40
60
60

60
40
60



40
20
40
100

20
10
10

20
10
10

Marital status

Net income [¿]







deriving behaviour rules. Note that neither all combined attributes lead to relocation nor
in each case to a relocation at all. As there is no knowledge about the interrelation of
different attributes, we considered the variables separately. Finally, we decided the weight
of every attribute and selected those that were mentioned most often regarding relocation
(Table 3.1). The variables that are mentioned in literature but where the attributes have
no clear weight (e.g. living in an apartment with 3 rooms, neither leads to relocation, nor
necessarily to staying), were excluded from the table. The weights indicated whether an
attribute led to relocation ( ) or remained in their flat (). The selection of attributes
used for estimating the relocation probability of the ATs based on the clusters can be seen
in Table 3.3. As the ATs in Table 3.4 are not based on the DEAS dataset, less information
regarding AT is available. We created two ATs aged 65  69 to give the agents in these
ATs different relocation behaviours. For this, we shifted the gender distribution. Instead
of creating ATs who were 50 % male or female as the real population in this age group
was, we created one AT, which was 40% male and another AT, which was in 60 % of all
cases male (StatIS-BBB, 2017). In some cases, proxy variables were used; for example,
the proxy variable for moving into a smaller apartment was the number of rooms. Table
3.4 shows the resulting table.
In the next step, we sum the attribute values of the ATs. The result is then normalised.
We use the widely used min-max normalisation, which scales the data into a range of 0
and 1 r0, 1s (Han et al., 2012). Afterwards, we calculate the percentage of the results. In
the end, the sum of all relocation probabilities equals 1. Table 3.4 shows the resulting
relocation probability.
The calculation for the AT with basic income (Table 3.4) will now be briefly described
to exemplify the derivation of the relocation probability. Male and married is a negative
weight, while female, divorced, widowed, single and a net income below 700 favours
relocation and thus leads to a positive weight. This leads to the following calculation for
overall relocation willingness:

40

60  10

40

20

40

100  210

In the next step, normalisation is conducted. Afterwards, the percentage of normalised
values is calculated, which leads to a relocation probability of 0.23 for this AT (Table 3.2).
In the end, we have a relocation value for every AT.
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3.2.7. Spatial microsimulation
In the next step, the resulting artificial population needs a spatial variable to distribute
the artificial population within Berlin (Figure 3.1, M7). To allocate the agents in space, we
follow the approach described in Lovelace and Dumont (2016) and use spatial microsimulation as a method for generating spatial microdata individuals, which are allocated in the
different PUs. This is done with an approximation method (Lovelace and Dumont, 2016),
which is based on shared variables of the non-spatial and the spatial dataset. For this
approach, the matching attributes from the DEAS dataset and the ER dataset, such as
marital status, gender, age and migration background, are used for a maximum-likelihood
approach in R (Figure 3.3). Finally, every agent has one location (in this case, a PU
number). In the following section, the individual steps are explained.

Figure 3.3.: Allocating agents in space by combining two datasets (based on Burns et al.,
2018)
The first dataset for spatial microsimulation is provided by the federal statistical office
Berlin-Brandenburg and is based on the ER (StatIS-BBB, 2017). This dataset contains
the joint probability PP U,AC of the elements of this dataset, where PU is the spatial unit
and AC is the attribute combination. PP U,AC is, thus, the probability that someone with
a certain attribute combination is living in a specific PU. The available attributes of the
ER dataset are gender, family status and age. From this, we can calculate the frequency
PP U,AC for each element of the dataset. This aims to create the total artificial population
n, which needs to be reproduced by the simulation (see equation 3.1).
n  PP U,AC

 fP U,AC

(3.1)

In the next step, the probability PAT,AC that a certain AC happens within an AT is
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calculated.
AC
°ATAC
 PAT,AC
i

(3.2)

Finally, the artificial population Ap in equation 3.3 is calculated with fP U,AC , which
results from equation 3.1 and PAT,AC , which results from equation 3.2.
fP U,AC

 PAT,AC  Ap

(3.3)

The result is an artificial population distributed in space according to the overlapping
attributes of both datasets. The artificial population is used to initialise an empirically
grounded data-driven ABM (Lovelace and Dumont, 2016).
We did a quality measure to estimate the reliability of the the spatial microsimulation
by comparing the artificial population with the real elderly population of Berlin in the
different PUs provided by the ER (Figure 3.1, M7). For this approach, we first calculated
the proportional distribution of the elderly of the real population from the year 2014, as
the DEAS data were from the same year. Afterwards, we calculated the proportional distribution of the artificial population. Then, we subtracted the proportional distribution of
the artificial population from the proportional distribution of the real population provided
by the ER and visualised the results in a map (Figure 3.4).

Figure 3.4.: Quality measure of the output of the spatial microsimulation
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3.3. Results
3.3.1. From clusters to an artificial population
The cluster analysis yielded 8 clusters. Figure 3.5 shows part of the attribute distribution
within the cluster. There are clusters with a clear attribute distribution. In clusters 1 and
6, for example, there are mainly female elderly, while in clusters, 2 and 5, the majority of
the resulting agents are male. The same can be said regarding other attributes. Cluster 1
is very satisfied with their current living situation, while cluster 5 is more intermediately
satisfied with their living situation, but overall, a clear tendency is there (Table 3.3).
This is important for a better estimation of the relocation probability. Agents who are,
for example, married are more likely to move than agents who are divorced, widowed or
single.

Figure 3.5.: Distribution of the attributes within the clusters. On the left, personal attributes are shown, while at the right side the living situations’ variables are
shown
After upscaling the clusters to ATs and thus creating an artificial population, we did
a first comparison of the artificial population based on clusters and the real population
provided by the ER. The results were, overall, quite good, as the discrepancy between
the attributes of the real population and the artificial population based on clusters were
everywhere below 10 %. The slight discrepancy in the immigration background of the
artificial population was expected, as previous studies already had the same challenge
– that people with a migration background usually have lower participation in surveys
(Feskens et al., 2006). The results for gender were 4%. The accordance of marital
status was also quite good, with a maximum of 4%. The biggest discrepancy within
the attributes of the artificial population and the real population was observed in the age
group 65–69, with a discrepancy of 7 %, followed by the difference between the artificial
population based on clusters in the ¥ 90 age group with 5% (Table 3.2).
Because of the discrepancies, three additional ATs were included, which improved the
migration background to 5%. The gender distribution remained the same, while marital
status improved slightly for the attributes married and single. Simultaneously, the dis-
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crepancy between the divorced and widowed agents increased slightly. The results for the
variable age varied. While the age groups 65–69, 85–89 and ¥ 90 showed improvement,
the results for the age groups 70  74, 75  79 and 80  84 got slightly worse.
As the attribute’s migration background was defined differently in the DEAS dataset
and the marital status “other” was not represented at all in the DEAS, it was omitted in
the artificial population.

3.3.2. Relocation probability
The relocation probability was calculated based on the ATs attributes. Table 3.5 shows
the resulting relocation behaviour. The descriptive attributes for the ATs not based on the
DEAS dataset are fewer (Table 3.3 and Table 3.4), but it is still possible to estimate the
relocation probability based on gender, marital status, and net income (only available for
the basic income ATs). There are no variables whose attributes lead entirely to relocation
or staying (see Table 3.3). This can lead to some variables of a cluster which cancel each
other out (see gender in AT 6, with 50% females and males). In one case (AT 10), the
entire sum of all weights led to 0. However, due to the normalisation, the results are
aligned (see Table 3.5).

Table 3.5.: Results of the estimation of the relocation probability
Sum Attribute
Values
AT 1 (Cluster 1)
AT 2 (Cluster 2)
AT 3 (Cluster 3)
AT 4 (Cluster 4)
AT 5 (Cluster 5)
AT 6 (Cluster 6)
AT 7 (Cluster 7)
AT 8 (Cluster 8)
AT 9 (Basic income)
AT10 (65  69)
AT11 (65  69)

100
150
140
10
10
50
50
50
210
0
40

Normalisation

% relocation
probability

0.69
0
0.03
0.39
0.39
0.28
0.28
0.56
1
0.42
0.31

0.16
0
0.01
0.09
0.09
0.06
0.06
0.13
0.23
0.1
0.07

AT 2 had the lowest relocation probability, with 0 caused by how the normalisation was
conducted. As it is unlikely that an AT will not relocate at all, this value is changed to
0.001 in a later step. This still means that it is improbable that this AT will relocate,
but not impossible. AT 9 had the highest relocation probability, followed by AT 1 and
AT 8. While comparing the relocation probabilities, three ATs with a higher relocation
probability were observed, while most of the ATs had a lower relocation probability. This
matches our expectations, as the goal of the agents is to stay in their current location
(Oswald et al., 2013). This expectation is met.
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3.3.3. Spatial microsimulation
In the next step, the agents are distributed in space based on their overlapping attributes
and relocation probabilities, with a spatial microsimulation. In the resulting map (Figure
3.4), the distribution of the artificial population coincides in most PUs with the distribution of the real population. The PU which is the most populated by the real population
has 1.24% of the population, the scarcest populated PU has 0% of the population. There
are some discrepancies of the artificial population from the real population. The highest discrepancy between the real population and the artificial population is 0.0021 %
respectably 0.0053 % (Figure 3.4). Which is still low. The artificial population has behaviour rules and attributes and will be used for further empirically grounded data-driven
ABM simulation.

3.4. Discussion
With our approach, we derived a diverse elderly artificial population using the example of
Berlin, which can be used for the initialization of an ABM. Our results show that datadriven approaches can be used even though extensive datasets that cover all necessary
information are unavailable. Therefore, different methods were embedded to enrich the
results and make them more reliable. We followed the overall workflow shown in Figure 3.1
to derive an artificial population that will represent the real population which are 65 years
and older.
We used the DEAS survey data to obtain suitable input values for cluster analysis.
The cluster analysis has the advantage that a diverse artificial population can be created,
even if not all information about what groups are existing is available. This approach was
also used in other contexts to derive agents for an ABM (Rounsevell et al., 2012; Smajgl
et al., 2011), and it produced satisfying results for our model. The resulting 8 clusters
were chosen based on the elbow criterion and were evaluated with a quality measure.
For the quality measure, we compared the clusters to our expectations based on expert
interviews, literature research and survey data. Furthermore, the clusters were turned into
8 ATs, which were converted into an artificial population with an upscaling, as described
by Smajgl et al. (2011). Afterwards, we compared the artificial population with the real
population. Due to discrepancies in our expectations, we added three ATs to improve
the results further. This resulted in 11 ATs, which were again upscaled to our artificial
population. In the end, the attribute distribution of the artificial population was close to
that of the real population, which was used as a goodness measure (Table 3.2).
After deriving the ATs, the behaviour rules need to be found. In case of contradicting
results regarding behaviour, we chose attributes based on our own research, which we
conducted specifically for Berlin (Haacke et al., 2019). Furthermore, other authors might
consider other attributes more important for the estimation of behaviours, or they have
different variables available if they use other data. We excluded movement to a new flat
without barriers because of changes in the neighbourhood estimation, as they were not
represented by the correct attributes in the DEAS survey. However, due to our thorough
literature research and sufficient available variables, we have satisfactory results, which
are confirmed by our quality measure. Finally, we estimated a relocation probability that
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was not based on random triggers but detailed initial information. It was more difficult
to derive a precise relocation probability for the ATs that were added after the quality
measure based on the ER and own research, as few descriptive attributes were available.
Hence, the behaviour rules are based on fewer attributes.
After achieving a satisfying result concerning the attribute distribution of the artificial non-spatial population, the artificial population was located in space with a spatial
microsimulation, as no dataset provided detailed information about the population in
combination with spatial information. In Figure 3.4, the resulting artificial population is
assessed with a quality measure. The deviation of the resulting population from the real
population is low, leading to the satisfactory overall distribution of the artificial population. In most areas, the deviation is very small, which stand for a good representation of
the real elderly population of Berlin.
The challenge with missing spatial information was also described, among others, in
Burns et al. (2018); Lovelace et al. (2014) and O’Donoghue et al. (2014). With a spatial
microsimulation, it was possible to locate the ATs in space, which is necessary to include
the influence of the spatial surroundings on the elderly. An aspect which is often neglected
(Baltes et al., 1999). This new approach with a cluster analysis in combination with
expert interviews and literature research and a following spatial microsimulation can help
to understand the elderly and their spatial behaviour better, even though future work
will be necessary to understand the entire environment of the elderly and their complex
behaviours. Contrary to other approaches, the behaviour of the agents is not based on
random triggers, but the attributes of the ATs.
In the end, we provided results based on quantitative and qualitative methods. This
was also an advantage, as no former grouping of elderly people was done on which the
model could be based. The approach of deriving ATs based on survey and census data
can also be used in other cities. The respective behaviour rules can be derived based
on surveys and literature research based on their attributes. If a dataset that provides
information about the population and spatial information is available, the subsequent
step of spatial microsimulation can be left out. The resulting empirically grounded, datadriven ABM can provide information about the possible spatial development of the elderly
population of Berlin. The approach is effective when there is insufficient information about
the population group of interest and its behaviour. We argue that approaches that include
real data should be used to make the model more reliable and reproducible.

3.4.1. Limitations
One challenge with the input dataset survey is that elderly people with a migration background are underrepresented (Klaus and Engstler, 2017). Theoretically, a survey also
needs to be completed by a proportional number of residents in every geographical zone
under consideration (Lovelace and Dumont, 2016). However, this was difficult to verify
with the DEAS data, which was only for the entire Berlin. However, the DEAS survey
had different descriptive attributes that enabled us to estimate the behaviour. Hence,
we called the resulting population an artificial population and not a synthetic population
(Crooks et al., 2018), although it might be a representative, to highlight the uncertainty. A
disadvantage in our approach is, that other researchers might come to different conclusions
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regarding attributes that lead to a certain behaviour. In other cities and dependent on the
input data, different ATs might need to be added. The advantage of this approach is that
it can be used for different datasets as long as the data provides sufficient information to
allow conclusions regarding the behaviour.
Because we aggregated the data into clusters and later into ATs, we lost some information, as the individual was not considered anymore. However, this was necessary as
there was not enough information available; therefore, estimating behaviours of aggregated
agents was more reasonable (Malleson and Birkin, 2012). Furthermore, the DEAS survey
had few observations, and therefore, some clusters were treated carefully. In cluster 4, for
example, all elderly people were widowed. However, only four observations in this cluster
answered the question about their marital status. This also occurred with some other
variables. With further research, it may be possible to obtain more specific behaviour
rules and to split the ATs, as described in Buchmann et al. (2016). Note, that the results
are highly dependent on the input data. Therefore, it is very likely that another dataset
would result in entirely different clusters (however, this also makes sense when representing a diverse population). But these other clusters should be again representative of this
city population. It also has to be kept in mind that attributes influence different persons
in different ways (Böger et al., 2017). That can lead to uncertainties in the estimation of
relocation behaviour. Therefore, the weight can be added to the relocation behaviour to
exemplify age and network size to individualise the behaviour for every agent.
Another challenge of relying strictly on case studies for deriving behaviour rules is that
different authors tend to identify different causal factors as being important for explaining
the processes and outcomes observed. That leads to a contradiction, e.g. high income can
lead to relocation or remaining in the current location. Therefore, it is not unlikely that a
different researcher will use other variables to estimate relocation probability, as different
researchers can deem different variables important (Janssen and Ostrom, 2006). Also, in
some cases, researchers contradict each other. It can be seen, for instance, that income
can have a different meaning, depending on the literature (Choi, 1996; Haacke et al., 2019;
Smetcoren et al., 2017; Teti et al., 2012).
During the spatial microsimulation, due to the weights for positioning the agents, some
agents were lost, as also described in (Lovelace and Dumont, 2016). Furthermore, discrepancies were visible between the artificial population and the real population. A reason
for this could be the discrepancies that are also visible in Table 3.2 regarding the attribute distribution of the artificial population before upscaling, which also influences the
spatialisation of the non-spatial agents. The resulting artificial population with spatial information can be used as a basis for an empirically grounded data-driven ABM in the next
step, using an ODD-Protocol following (Grimm et al., 2010). Instead of an ODD-Protocol,
a metamodel of the approach with a more general description of the model could be developed. As to the knowledge of the authors, no metamodels exist that focus on spatial
agents.
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3.5. Conclusion
Following Smajgl et al. (2011), this study explored the parameterisation of human agents
for an empirically grounded data-driven ABM that can be adapted to other datasets
(Figure 3.1). However, contrary to the aforementioned approach, we also showed how to
embed agents in their environment. A preliminary workflow was described for how to
derive agents when not all information is provided by one dataset. For our approach, we
combined different sources and approaches to derive ATs, their attributes and behaviour
rules. The combination of datasets was necessary, as no dataset was available to derive
behaviour rules, attributes and spatial information together. Insufficient datasets are a
common challenge for empirically grounded ABMs (Bruch and Atwell, 2015).
The behaviour rules of the agents were estimated based on attributes relevant for relocation. These attributes were derived based on expert interviews, our survey, and literature
research (see among others: Oswald et al., 2013; Teti et al., 2014; Zimmerli, 2016). The
resulting agents were then placed in space with a spatial microsimulation, after which the
resulting ATs and their related behaviour rules were used for a simulation in an ABM.
Furthermore, the interaction between agents needs to be included to make the agents active (Goldspink et al., 2000). This could be, e.g. the influence of friends or neighbours or
the influence of age on the probability to relocate with an implementation of a network.
This could also lead to a larger range regarding the relocation probability for every agent.
It is also possible to use other survey data as a basis for a machine learning approach
that derives behaviour rules automatically, as has already been done in other approaches
(Abdulkareem et al., 2017; Rand, 2006).
Also, the mortality rate was included to cover changes in the spatial distribution caused
by the death of agents. After including the artificial population, preliminary scenarios
with changing spatial distribution were tested and compared to reality while starting at
an earlier point in time and checking whether the resulting patterns show similarities with
today’s distribution. The model can also be used as the basis for other research related to
the elderly. It might be interesting to use the model to estimate the impact of Covid-19
on the elderly. Furthermore, thorough network research of the digital analogous network
of the elderly might be useful to show how connected the elderly are and how well they
cope with increasing segregation or (spatial) isolation.
In conclusion, the resulting agents are reasonable and can be used directly as a basis for
an empirically grounded data-driven ABM. The data-driven approach makes it possible to
use this work for other cities as well after the addition of a few adapting steps if the data
is available. However, if the data is more detailed than the data for Berlin and if the data
even includes a spatial aspect, then no additional ATs based on the literature and expert
interviews would be necessary. Furthermore, the step of the spatial microsimulation can
be omitted, thus making the results even more reliable. Finally, the approach taken in this
paper can be used to produce spatially explicit agents and develop behaviour rules as input
values for a future empirically grounded data-driven ABM. It also helps us understand
the ageing and diverse population of Berlin.
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3.6. Supplementary Materials
Table 3.6.: Results of the cluster analysis with the according attributes in percentage for
the 8 clusters
Variables

Attributes

1

2

3

4

5

6

7

8

Sex

Male
Female
Foreign
German
Without
With MB & own MB exp.
Married, living w. partner
Married, liv. sep. from p.
Divorced
Widowed
Single
Very good
Good
Intermediate
Bad
Very bad
Very good
Good
Intermediate
Bad
Very bad
Area of today’s Germany
Area of East Germany
Other parts of Europe
Outside Europe
Elem., Sec. school(Hptsch)
Sec. school (MSA)
(POS) 8. Grade
(POS) 10. Grade
Adv. tec. coll. cert.
High school graduation
No educ. qualification
Yes, only in Germany
Yes, in G. & o. country
No, other country than G.
No ed. qual. or studies
Yes
No
Employed
Part-time (for elders)
Unemployed
Early retirement
Disability pension
Sick for a longer period
Homemaker
Other
Yes
No
Industry
Craft
Trading or service comp.
Public Service
0
1

21
79
13
88
88
13
50
13
13
25
0
12
29
53
0
6
38
58
4
0
0
75
13
0
13
29
14
0
0
14
43
0
75
13
0
13
96
4
33
11
0
0
22
0
11
22
4
96
25
0
25
50
8
29

75
25
0
100
100
0
0
0
29
57
14
20
60
0
0
20
20
40
25
10
5
33
67
0
0
50
17
0
0
0
17
17
83
0
0
17
95
5
50
0
38
0
0
13
0
0
5
95
29
0
57
14
11
16

54
46
0
100
100
0
100
0
0
0
0
13
39
35
13
0
46
38
13
4
0
100
0
0
0
22
11
33
0
0
33
0
89
0
0
11
100
0
64
9
0
9
0
0
18
0
13
88
18
0
82
0
8
29

44
56
0
100
100
0
0
0
0
100
0
0
100
0
0
0
11
56
22
0
11
100
0
0
0
0
0
0
0
0
100
0
100
0
0
0
100
0
100
0
0
0
0
0
0
0
0
100
0
0
100
0
56
0

78
22
33
67
33
67
33
0
33
33
0
0
50
25
25
0
22
11
67
0
0
33
0
67
0
0
0
0
50
0
50
0
33
0
67
0
100
0
80
0
0
20
0
0
0
0
33
67
0
25
0
75
11
11

50
50
0
100
100
0
83
0
17
0
0
0
68
21
5
5
50
45
5
0
0
100
0
0
0
0
0
0
0
0
100
0
100
0
0
0
100
0
90
0
10
0
0
0
0
0
23
77
14
0
71
14
9
23

61
39
0
100
100
0
88
0
13
0
0
6
50
33
11
0
4
70
22
0
4
88
13
0
0
38
13
0
0
0
50
0
88
0
0
13
96
4
14
29
29
14
0
0
0
14
23
77
33
0
67
0
26
39

14
86
0
100
100
0
40
0
30
20
10
20
0
60
0
20
55
27
14
5
0
80
20
0
0
70
0
0
10
20
0
0
90
0
0
10
95
5
42
8
25
8
8
0
8
0
10
90
30
10
20
40
18
32

Nationality
Migration
Background (MB)
Marital status

Health status
partner

Relationship with
the family

Country of birth

Highest school
qualification

Vocational training/
studies in Germany

Pension
Situation before
receiving
first pension

Working as
pensioner
Last sector

Number children

59

Type of housing

Personens in
household

2. Person in
household

Current
living situation

Number rooms

Own flat/
rent

Meeting groups
in general
Frequency of meeting
friends in the
last 12 months

Frequency of meeting
with a certain group
of people in the last
12 months

Are there persons you
can ask for advice?
Mainly raised in

Importance of being a
grandparent

Knowledge meeting places
KNWL seniors’ meeting

60

2
3
4
5
6
Private
Retirement home
Assisted living
Senior-citizen home
Nursing home
2
3
4
5
95
Partner
Ex-Partner
1. Child
2. Child
4. Child
Other person 1
Very good
Good
Intermediate
Bad
1
2
3
4
5
6
Owner
Main tenant
Rent-free
Other
Yes
No
Daily
Several times per week
Once per week
1-3 times per months
scarcer
never
daily
several times per week
once per week
1-3 times per month
scarcer
never
yes
no
East-Germany/GDR
west-Germany/west-Berlin
in former G east. territories
other country
very important
important
less important
unimportant
known
unknown
known
unknown

33
13
17
0
0
96
0
4
0
0
71
0
0
4
25
89
0
0
0
6
6
96
4
0
0
0
25
33
25
17
0
21
75
4
0
83
17
0
13
8
71
8
0
0
21
21
42
4
13
96
4
25
63
0
13
56
39
6
0
88
13
46
54

42
16
11
5
0
90
5
5
0
0
20
0
0
0
80
100
0
0
0
0
0
50
45
0
5
25
50
13
13
0
0
5
90
0
5
20
80
5
10
15
10
45
15
5
15
5
0
15
60
85
15
0
67
33
0
25
44
25
6
95
5
85
15

38
17
4
4
0
92
4
0
0
4
91
0
4
0
4
100
0
0
0
0
0
54
46
0
0
0
11
33
22
11
22
48
43
9
0
8
92
0
0
4
63
33
0
0
4
4
21
17
54
92
8
67
33
0
0
63
32
5
0
0
100
0
100

22
22
0
0
0
100
0
0
0
0
11
0
0
0
89
100
0
0
0
0
0
78
22
0
0
0
0
0
100
0
0
67
11
11
11
78
22
11
33
11
22
11
11
0
56
0
0
0
44
100
0
0
100
0
0
100
0
0
0
0
100
0
100

56
11
11
0
0
89
0
0
0
11
38
0
0
0
63
100
0
0
0
0
0
22
33
44
0
25
75
0
0
0
0
25
75
0
0
11
89
0
22
11
33
33
0
0
11
22
11
22
33
100
0
67
0
0
33
13
50
25
13
25
75
25
75

41
18
5
0
5
100
0
0
0
0
77
14
0
0
9
95
5
0
0
0
0
77
23
0
0
0
0
20
0
60
20
95
0
5
0
64
36
0
9
14
77
0
0
0
5
23
41
32
0
95
5
60
40
0
0
50
43
0
7
100
0
100
0

22
4
4
4
0
96
0
4
0
0
70
0
0
0
30
100
0
0
0
0
0
9
78
13
0
0
38
13
50
0
0
22
78
0
0
87
13
0
22
22
43
13
0
0
4
26
35
13
22
91
9
25
75
0
0
0
75
25
0
96
4
74
26

41
9
0
0
0
95
0
0
5
0
45
10
0
0
45
82
0
9
9
0
0
9
77
14
0
8
33
25
33
0
0
14
86
0
0
45
55
5
9
9
55
23
0
0
0
14
27
14
45
77
23
20
70
10
0
79
7
0
14
90
10
62
38

KNWL care advice
KNWL groups elderly
Current state of health

Naming people in pers nw
Standard of living

Other person in household

Care for grandchildren
Getting older (GO): evth
gets worse

GO: as much momentum
as before

GO: less useful

GO: live better than
anticipated

GO:as happy as before

Getting G citizenship

Employment
years in Berlin

Years in the same flat

¿

Rent [ ]

¿

Net household income [ ]

known
unknown
known
unknown
very good
good
medium
bad
very bad
yes
no
very good
good
medium
bad
very bad
spouse/partner
ex-partner
children
Other person
not named
Named
is accurate
rather accurate
rather not true
does not apply at all
is accurate
rather accurate
rather not true
does not apply at all
is accurate
rather accurate
rather not true
does not apply at all
is accurate
rather accurate
rather not true
does not apply at all
is accurate
rather accurate
does not apply
Does not apply at all
after 2. WW
before the end of 2. WW
Always
less 30 years
more than 30 years
Less than 10 years
10-30 years
30-60 years
more than 60 years
less than 10 years
10-30 years
30-60 years
More than 60 years
500
500 750
750 1000
1000
700
700-1100
1100-1600
1600-1800

¡




29
71
50
50
21
38
38
4
0
0
100
33
67
0
0
0
89
0
6
6
88
13
8
25
46
21
4
33
46
17
4
25
42
29
9
57
30
4
13
13
74
0
0
29
71
11
89
13
8
29
50
42
25
33
0
6
56
22
17
0
4
17
0

80
20
20
80
5
35
50
10
0
5
95
25
45
15
10
5
100
0
0
0
90
10
10
45
40
5
0
10
90
0
5
50
40
5
15
30
50
5
5
35
35
25
0
0
100
0
100
0
15
30
55
25
40
35
0
37
58
5
0
26
21
16

4
96
4
96
4
33
54
8
0
8
92
8
67
25
0
0
100
0
0
0
74
26
13
50
29
8
4
4
75
17
4
21
42
33
8
50
33
8
17
9
74
0
22
56
22
18
82
8
0
29
63
17
17
61
4
20
50
20
10
0
0
23
5

0
100
0
100
0
44
33
22
0
11
89
22
78
0
0
0
100
0
0
0
89
11
13
63
25
0
11
22
33
33
13
50
13
25
25
38
38
0
0
50
38
13
0
100
0
0
100
0
0
11
89
0
33
56
11
50
50
0
0
11
0
44
22

13
88
11
89
22
11
67
0
0
0
100
0
0
100
0
0
100
0
0
0
88
13
11
67
22
0
0
22
44
33
11
56
33
0
0
56
33
11
0
11
56
33
50
50
0
0
100
11
0
67
22
44
33
22
0
17
50
33
0
0
33
11
0

100
0
32
68
0
64
36
0
0
36
64
32
45
18
5
0
95
5
0
0
86
14
5
41
36
18
0
9
82
9
9
36
36
18
5
50
36
9
5
41
41
14
0
80
20
10
90
0
0
46
55
0
36
64
0
0
0
0
0
0
5
5
0

57
43
52
48
0
52
35
13
0
9
91
0
70
30
0
0
100
0
0
0
91
9
0
87
13
0
0
4
91
4
0
74
26
0
9
61
30
0
5
29
62
5
13
38
50
14
86
0
4
39
57
13
39
48
0
39
44
17
0
4
0
22
9

81
19
14
86
5
46
41
5
5
5
95
0
50
50
0
0
82
0
18
0
86
14
5
41
41
14
0
32
36
32
5
18
41
36
5
73
23
0
10
62
29
0
0
40
60
17
83
5
10
29
57
33
14
48
5
18
59
18
6
0
5
40
20

61

1800-3000
3000
500
750 1000
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700
700 1100
1100 1600
1600 1800
1800 3000
3000

¡

¿

Rent [ ]

¿

Net household income [ ]

¡
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54
25
10
20
20
0
0
20
0
50
30

37
0
40
10
0
0
30
20
20
40
0

32
41
20
20
10
0
0
20
10
30
40

22
0
50
0
0
10
0
40
20
20
0

56
0
20
30
0
0
30
10
0
60
0

47
42
0
0
0
0
10
10
0
50
40

48
17
40
20
0
0
0
20
10
50
20

30
5
20
20
10
0
10
40
20
30
10
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Abstract
Urban dynamics are influenced by the composition of the population. In the last years,
more elderly individuals with diverse backgrounds live in cities due to demographic changes.
However, no models exist which simulate the spatial behaviour of the elderly even though
they are more dependent on the surrounding infrastructure and have a smaller range of
action; thus, researchers have pointed out the necessity of modelling the elderly. In this
study, an empirically-based Agent-Based Model was developed. The distribution of the
elderly is modelled from 2014 to 2030. We used Berlin as an example in reproducing 20%
of the real population as an artificial population. The agent typologies’ (ATs) behaviour
rules were represented by a base relocation probability for every AT. The AT was based on
survey data, census data and literature research. To make the relocation more individual,
weights were added based on age and the number of connections. The output was validated with a sensitivity analysis with a segregation index and the number of relocations.
The results show a low overall segregation of agents, a relocation proportion that coincides
with other research and a resulting artificial population that overlaps well with the real
population.
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4.1. Introduction
Urban dynamics are influenced by the composition of the population as development is
different, depending on how many people are at various stages of their life cycle. In the
last few decades, the number of people living in cities has increased continuously, leading
to a change in demographic structures (Haase et al., 2018). Concurrently, the population
in Europe has aged and become more socially and culturally diverse, which has and will
continue to alter the social and spatial patterns of European cities (Lutz et al., 2008).
However, to the knowledge of the authors, no model exists that simulates the spatial
behaviour or the places of residence of the elderly. Lottmann and King (2020) use an
agent-based model (ABM) to examine who supports the LGBT* elderly, but they do not
focus on urban development.
The elderly are a special case as they are more dependent on the surrounding infrastructure in their neighbourhood (Bucksch and Schneider, 2014; Butler, 2021) because the
action range of most people decreases the frailer they become (Baltes et al., 1999). Unless
social meeting places and members of their social networks are near their homes, very old
and frail adults may not be able to access them at all (Finlay et al., 2020; Menec et al.,
2011). Furthermore, elderly residents have different needs compared to younger residents,
such as the need for medical care close to their home or public transport that is accessible
without physical barriers (Nowossadeck and Engstler, 2017). Research has also shown
that neighbourhoods are important for the physical and mental health of elderly people
(Butler, 2021; Teti et al., 2012).
Some researchers have implied that the elderly want to remain where they are living
(Oswald et al., 2013), which is very often the flat in which they lived with their families,
and this can lead to increased stress on the housing market as younger families need bigger
flats. Yet, other research shows that the residential preferences of ageing baby boomers
suggest that change is often welcome (Zimmerli, 2016). In addition, research by Haacke
et al. (2019) indicates that nearly 50% of all people aged 60 years and above at least
consider relocating. As different researchers (Enßle-Reinhardt, 2020; Haacke et al., 2022)
have pointed out, the elderly might behave differently regarding, for example, relocation
than the younger population and a modelling approach focussing on elderly behaviour and
decision-making is necessary. Furthermore, we believe no previous study has identified and
characterised different groups of diverse elderly individuals and their segregation using a
mixed-method approach based on a comprehensive dataset. Segregation measures the
(disproportional) distribution of demographic groups across organisational units (Mora
and Ruiz-Castillo, 2011; Reardon and Firebaugh, 2002).
ABM is used increasingly in geosimulation to better understand urban dynamics and
complexity in urban systems (Barredo et al., 2003; Batty, 2005; Crooks et al., 2008; Parker
et al., 2003; Rounsevell et al., 2012). In this modelling type, individuals and their behaviour is represented by agents. Agents with similar characteristics and behaviour are
represented by agent typologies. In the following, aggregated agents are called ‘agent typologies’ (ATs), and a single artificial person out of these agent typologies is called an
‘agent’.
An important aspect of urban and land-use modelling is to represent human behaviour
and decision-making processes. The resulting spatial dynamics are considered to be the
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output of human decision-making (Fontaine et al., 2014). Every AT has the same decisionmaking structure, but subtypes are defined by groups of agents with similar preferences
(Rounsevell et al., 2012). This can be achieved with preference weights that guide the
agents’ decision-making. One way to derive the behaviour is to conduct social surveys
or to use extensive census data to empirically ground the decision-making (Brown and
Robinson, 2006; Rounsevell et al., 2012). In some cases, survey data are also used to
create initial population conditions (Haacke et al., 2022; Rounsevell et al., 2012).
One important factor in decision-making in urban simulations and for the resulting
changes in the spatial distribution of the agents is relocation. Many factors influence
where people live and why they relocate. Reasons for movements can be employment
and social exclusion (Dujardin et al., 2008), commuting time and distance (Choocharukul
et al., 2008), education (Teti et al., 2012; Zimmerli, 2016), gender (Haacke et al., 2019;
Teti et al., 2012), marital status (Choi, 1996; Haacke et al., 2019), apartment size (Butler,
2021; Haacke et al., 2019; Zimmerli, 2016) and financial status (Choi, 1996; Wiseman,
1980; Zegras et al., 2007). The life-cycle stage has been identified as a dominant factor
in the residential location decisions of typologies (Torrens, 2001; Walker and Li, 2007;
Yin and Muller, 2007). For example, families with children require larger properties than
couples or the elderly (Lindberg et al., 1992; Torrens, 2001). There are also attributes that
affect people on specific life-cycle stages more than others. One of the most important
factors for relocation, for example, for the elderly are age (younger elderly are more likely
to relocate) (Choi, 1996; Haacke et al., 2019; Teti et al., 2012) and the size of their social
network (elderly who are well connected in their neighbourhood are less likely to relocate)
(Butler, 2021; Choi, 1996; Kümpers and Alisch, 2018; Zimmerli, 2016), while employment
and commuting to work no longer has to be taken into account.
An emerging outcome of the model can be segregation patterns (Grimm and Railsback,
2012). According to a key reference in the field, segregation is a pattern of reality. However,
there is not a great deal of existing knowledge on how segregation patterns occur. Spatial
segregation by age occurs when individuals of different ages do not occupy the same space
and hence cannot engage in face-to-face interaction (Hagestad and Uhlenberg, 2006), which
can lead to loneliness in old age (Dangschat, 2016). Some sources do not necessarily
find segregation of the elderly as a disadvantage for the elderly (Rosow, 1967). Rosow
(1967) concludes that areas with large concentrations of elderly are enjoyed because of
the opportunities for friendship and the emergence of helping patterns. If neighbourhood
satisfaction constitutes one part of the ‘quality of life’ for the aged person, this benefit of
the concentration and segregation pattern should be recognised (Kennedy and De Jong,
1977).
One of the most commonly used tools for measuring segregation is the dissimilarity
index, introduced by Duncan and Duncan (1955), which is an entropy-based index (Mora
and Ruiz-Castillo, 2011). It is recommended to use such indices in an empirically-based
context (Mora and Ruiz-Castillo, 2011). However, there is an ongoing discussion regarding its benefits as the vast majority of traditional segregation indices have difficulties in
accommodating spatial relationships beyond those implied by the basic unit of aggregation (e.g., the census tract) (Farber et al., 2012). Regardless, the dissimilarity index is
still widely used. However, this index can only be used to compare two different groups,
while many societies have multiple groups which need to be compared (Yao et al., 2019).
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For the analysis of a multi-group or multi-class segregation, the H-Index or information
theory index is commonly used (Reardon and Firebaugh, 2002; Roberto, 2016), based on
an approach by Theil and Finizza (1971). However, instead of segregation, it measures the
relative homogeneity with a comparison of local areas to the overall diversity of a region
(Roberto, 2016). That means if the region is diverse overall, the H-index can be zero, even
though the diversity in a certain district is high as a low value indicates that the local
area is as diverse as the region. If the value is less than zero, then the local areas are more
diverse than the whole area (Reardon and O’Sullivan, 2004). Nevertheless, Reardon and
Firebaugh (2002) conclude that the H-index is the most conceptually and mathematically
satisfactory index (Reardon and Firebaugh, 2002).
As the elderly have diverse backgrounds, they cannot be considered as one homogeneous
group. Attributes that are relevant for the elderly and are used for the calculation of the
base relocation probability are financial status (Choi, 1996; Smetcoren et al., 2017; Teti
et al., 2012), education (Teti et al., 2012; Zimmerli, 2016), gender (Haacke et al., 2019;
Teti et al., 2012), marital status (Choi, 1996; Haacke et al., 2019), apartment size or rent
(Butler, 2021; Haacke et al., 2019; Zimmerli, 2016), whether the home is owned or rented
(Haacke et al., 2019; Zimmerli, 2016), health status (Choi, 1996; Zimmerli, 2016) and the
need for care (Wiseman, 1980). Not used for now are age (Choi, 1996; Haacke et al., 2019;
Teti et al., 2012) and the size of the social network (Butler, 2021; Haacke et al., 2019;
Zimmerli, 2016). Haacke et al. (2022) derived a base relocation probability for ATs, based
on the AT attributes.
Two of the major attributes that influence the elderly to relocate or to remain in their
current environment are age (Choi, 1996; Haacke et al., 2019; Teti et al., 2012) and the size
of the social network (Butler, 2021; Haacke et al., 2019; Zimmerli, 2016), which are not
yet included to the base relocation probability. Those two aspects are the most important
factors that are also not housing-specific (Haacke et al., 2019).
Choi (1996) and Teti et al. (2012) divide the elderly into two age-related groups. One is
younger elderly ( 70) who are more likely to relocate; the other one is elderly who are 70
or older and are less likely to relocate (Choi, 1996; Teti et al., 2012). Haacke et al. (2019)
confirm these results and add that the relocation willingness of the elderly above 80 years
decreases sharply.
More complex is the influence of the individual’s social network on relocation and its size
(Fournet and Barrat, 2016; McCormick et al., 2010). The network within a neighbourhood
is important as contact frequency within it is relatively high, even though an individual’s
network with neighbours might only comprise a small proportion of their entire network
(see Forrest and Kearns, 2001; Granovetter, 1973; Guest and Wierzbicki, 1999). One of the
reasons for the growing importance of neighbours in an elderly individual’s network is that
the elderly sometimes can no longer interact with networks across greater distances, due to
physical constraints (Forrest and Kearns, 2001; Guest and Wierzbicki, 1999). Apart from
interaction, neighbours are also important for support in everyday life and for practical
help (Andersen, 2019; Mollenhorst et al., 2009; Schneider-Sliwa, 2004; Zimmerli, 2016)
and to develop feelings of community and a sense of place (Granovetter, 1973). Thus, a
support network in the immediate neighbourhood can lead to the elderly staying in their
current environment. If an agent’s local network of support decreases or if they don’t have
a network, the probability for a relocation increases (Thomese and van Tilburg, 2000).
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In the following, the network that supports the elderly in everyday life is described as
a social network. In general, the influence of the social network on relocation and the
everyday life of the elderly is a complex one, starting with the questions who do the
elderly consider as part of their network, what attributes influence the social network and
how many connections does the social network contain.
Part of the social network is someone whom an agent would recognise and address by
name and vice versa (de Sola Pool and Kochen, 1978). Fournet and Barrat (2016) reported
that the number of actual contacts is often underestimated in surveys. Furthermore,
the relation between the network of friendships and the network of contacts is often not
straightforward as friends might meet rarely, while daily encounters may occur between
non-friends (Fournet and Barrat, 2016). Social interactions are anticipated to play an
important role in neighbourhood livability; however, empirical studies investigating the
extent to which neighbourhood characteristics can improve social contacts among residents
are scarce and inconclusive (van den Berg and Timmermans, 2015). social networks are
networks that are composed of actors (nodes) and their relationships (links) with each
other (Froehlich et al., 2020).
Other attributes influence the network size as well. Litwin (1995) mentions that females and married people are usually better connected. Income, education, household
composition and perception of the neighbourhood also have a positive effect on network
size (van den Berg and Timmermans, 2015). However, there are differences between the
kind of networks, for example, married elderly individuals typically have bigger family networks, while the friend network is usually bigger for unmarried elderly individuals (Litwin,
1995). Other attributes do not have a connection to the network size. The education type
does not allow a clear conclusion (Litwin, 1995). Some researchers mention that a similarity in socio-demographic characteristics enhance neighbourhood contacts (Völker and
Flap, 2007). Furthermore, the length of residence influences the number of neighbours in
the network (van den Berg and Timmermans, 2015). All these aforementioned aspects
influence the behaviour of elderly.
Modelling spatial changes in an elderly population is challenging. Behaviour rules on
which decision-making is based need to be found. A major aspect is relocation rules. In
the model by Schelling (1971), the agents mildly prefer to live in a neighbourhood with like
social groups, which also motivates the agents to relocate and influences where they move.
Brown and Robinson (2006) also included a preference for neighbourhood similarity, while
Enßle and Helbrecht (2020) mention that in spatially diverse environments like Berlin,
striving for a shared identity also becomes an everyday practice. In this case, weights need
to be added to the already existing base relocation probability derived by Haacke et al.
(2022). Finally, the output of the model needs to be evaluated. Common approaches are
to analyse the patterns (in this case, the segregation) or to conduct a sensitivity analysis
to estimate the impact of the different model parameters.
The research aimed to model a diverse, elderly population (65 years and older) with
individual relocation probabilities for every agent with an empirically-based ABM. Therefore, we present a method for creating a residential mobility model of a diverse, elderly
population and possible segregation, based on the agent typologies and the synthetic population described in Haacke et al. (2022). In this approach, data from the German Ageing
Survey (DEAS, as abbreviated in the original German) were used to obtain suitable input
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values for a cluster analysis (Deutscher Altersuvey: SUF DEAS, 2014). The resulting eight
clusters were turned into eight ATs, enriched with three additional ATs and upscaled to
form the artificial population as described by Smajgl et al. (2011). The behaviour rules
were estimated based on several sources (see Choi, 1996; Haacke et al., 2019; Teti et al.,
2012; Zimmerli, 2016). The artificial population was located in space with a spatial microsimulation (Haacke et al., 2022).
The ATs were used as a basis for an ABM of residential population relocation. However,
in contrast with previous models (see Fontaine and Rounsevell, 2009), we implemented
the heterogeneous behaviour of individuals (agents) by making the relocation probability
more complex with the addition of two weights based on the size of the social network
and the age of the agent. We found these were the most important factors for relocation
based on own research and review of literature (Choi, 1996; Haacke et al., 2019; Teti et al.,
2012; Zimmerli, 2016). Finally, the output was analysed with the local entropy, H-index
and number of agents who relocated. Furthermore, a sensitivity analysis was performed to
test the robustness of the model and influence of different parameters (see Section 4.2.4).
We also tested if segregation for this population was a meaningful measurement of the
spatio-temporal changes.

4.2. Methods
In this research, changes in the spatio-temporal distribution of the artificial population
were modelled. For this, every AT had a base relocation probability to which weights were
added (see the table with the base relocation probability in the Supplementary Materials)
to achieve an individual relocation probability for every agent. The agents represent the
elderly population of Berlin (¥ 65). Furthermore, new agents needed to be added at every
time step t. We also included two other sub-models. One for the mortality rate of the
elderly, which was calculated at every time step. and another that included the moving-to
aspect, which had as output the new spatial unit to which the agents were moving when
they were relocating. The temporal resolution was one year, and the spatial resolution
was for all of Berlin. External factors (e.g., influxes from the surrounding area) were
not included. The model is initialised with 20% of the real population as the artificial
population to run the simulation more efficiently. The starting year t0 was from 2014, as
the dataset on which the artificial population was based was from that year. The aim was
to run the model for t16 steps until the year 2030. Thus, the starting years from the model
could be compared with the real population provided by the StatIS-BBB (2017) (until 2020
or t6 ). For the analysis of the results, we conducted different scenario runs with changing
parameters. The resulting patterns were investigated with segregation measurements.
Every cell of the model could be occupied by different ATs and different agents. The
model was programmed with NetLogo 6.2.0 (Wilensky, 1999).

4.2.1. Study area
We chose Berlin as a case study. It is the capital of Germany and has 3.7 million inhabitants. There are approximately 700, 000 Berliners 65 and above. This population group
was modelled in this study (StatIS-BBB, 2017). Berlin was an excellent study area for
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the research aims of this study, as it is a large dynamic city with many elderly inhabitants
who have heterogeneous and diverse backgrounds. In 2007, 595, 000 elderly individuals
who were 65 and above lived in Berlin. In 2017, these numbers changed to 686, 000.
Berlin is divided into different types of spatial units. The spatial units have certain
built-up socio-economic and urban homogeneities and similar population numbers (SSW,
Senatsverwaltung für Stadtentwicklung und Wohnen, 2006). Data from the population
register (Einwohnermelderegister or ER) was available for the local spatial units (SUs)
(StatIS-BBB, 2017). These are the smallest spatio-statistical units available from the
Agency of statistics in Berlin.

4.2.2. Data
To make this approach widely applicable, datasets that may be accessible in the same
or similar form for other cities and countries were used. The datasets needed to provide
demographic information at an individual level. Two datasets were used for this study: a
survey from the German Centre of Gerontology (DZA) and census data from the ER. For
the cluster analysis, the DEAS from 2014 provided by the DZA (Deutscher Altersuvey:
SUF DEAS, 2014) was used. The DEAS regularly assesses, for example, family background, social network, income, household size and other variables concerning the elderly
population in Germany.
For the current study, elderly individuals living in Berlin were selected as the data
of interest. In the end, a dataset with 153 observations (elderly people ¥ 65) and 49
variables was obtained. While this dataset contained extensive information on the diverse
background of the elderly, it did not contain any information on relocation behaviour,
place of residence, or any other spatial information. The observations were grouped with
a cluster analysis and allocated in the 447 SUs of Berlin with a spatial microsimulation
(for more information see Haacke et al., 2022).
To analyse the output of the model, we compared it with the census data from the
ER, which can be downloaded from the web page of the Agency of Statistics of Berlin
(Statistisches Bundesamt Berlin or SBB in German).

4.2.3. Modelling approach
At every time step t, a new temporal unit starts and the age of the agents increase by
one (see Step 1 in Figure 4.1). In the next step, the mortality is calculated for every
agent in the sub-model ‘mortality’ (see Step 2 in Figure 4.1). If the agent dies, they leave
the model and links to other agents are removed. Therefore, the number of connections
of every agent needs to be recounted. The weights are then adapted to the number of
agents in the social network and the age (see Step 3). The relocation probability Prp pAi q
is calculated, and the result indicates whether the agent relocates or not (see Step 4). If
the agent relocates, all existing connections to other agents are removed. A new SU is
then found with the sub-model ‘moving-to’ (see Step 5). At the end of every time step,
new agents are included with the sub-model ‘new agents’ (see Step 6) and connected to
other agents (see step 7 in Figure 4.1).
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Figure 4.1.: Flow chart of the simulation
The following parameters can be changed to evaluate different outcomes:
 the Number of agents with the same AT in a certain neighbourhood (ar )
 the Radius of the neighbourhood (r)
 New agents can be implemented or not. If no new agents are implemented, the
existing agents do not die.

Furthermore, the model was used to test the following hypotheses.
 With our model, we should be able to perceive a change in the segregation of the
elderly in comparison to the t0 -model

– Spatial segregation will develop differently, depending on the size of the neighbourhood (r) in which a specific number of agents with the same AT (ar ) have
to be.
– The segregation increases until a certain radius. After a tipping point, the
population distribution becomes more homogeneous as the prerequisites can
not be met anymore
 Increasing weights lead to more relocation

Initialization
The initialisation of the model was implemented following Haacke et al. (2022). In this
model, diverse ATs were generated with their relocation probabilities, based on data by
the Deutscher Altersuvey: SUF DEAS (2014), literature research and our own survey. 11
ATs provide the basis for the artificial population in the simulation. The comparison of
the artificial population to the real population of Berlin can be seen in Table 4.1. Every
AT has a basic relocation probability (for further information see Haacke et al., 2022).
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Table 4.1.: Starting population distribution: The column with the header ‘AP’ shows the
artificial population, ER shows the real population in 2014/t0 (Haacke et al.,
2022)
Variables

Attributes

Artificial
population

ER
population

Migration Background

German
Migration Background
Immigrants
Female
Male
Married
Divorced
Widowed
Single
Other
65  69
70  74
75  79
80  84
85  89
¥ 90

95%
5%
53%
47%
57%
17%
21%
5%

90%
3%
7%
57%
43%
54%
14%
25%
7%
1%
24%
29%
23%
13%
7%
7%

Sex
Marital status

Age



23%
26%
20%
12%
7%
11%

Calculation of the relocation probability
Weights are used by some researchers for ABMs to make the decision-making more individual. Fontaine et al. (2014), for example, introduced weights to estimate the suitability of
a new location. Other approaches introduce weighting for deciding between goals (Huber
et al., 2018) or preference weights (Murray-Rust et al., 2013, 2014).
In our approach, the base relocation probability, Prp pAT q from previous work by Haacke
et al. (2022) was used for every AT (see Table for the base relocation probability in the
supplementary files). This means that every AT had its own specific value of Prp pAT q. For
the entire relocation probability for every individual agent, (Prp pAi q), weights (w) were
added (see Equation 4.1). These were based on age, wpAage q, and the size of the social
network, wpAsn q.
Prp pAi q  Prp pAT qwpAage qwpAsn q

(4.1)

If the agent relocates, the base relocation probability becomes very low, Prp pAT q 
0.0005), and, thus, the probability for another relocation is less probable. With the base
relocation probability and the weights, the probability of an agents’ relocation can be
calculated at every time step during the simulation (see Steps 3 and 4 in Figure 4.1).
For the weight of the social network, the agents who are connected to the target agent
are counted. If there are no connections left, the weight increases. Agents have the
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possibility to reconnect to other agents. Agents with the same AT and that are within a
certain radius can be connected to the target agent.
Table 4.2.: Attribute distribution of variables that influence the size of the social network
(in the empty fields, no information is provided). The data for the AT 1  8 is
based on Deutscher Altersuvey: SUF DEAS (2014), the data for AT 10  11
is based on data of the StatIS-BBB (2017).
Variables

Attributes

AT 1

2

3

4

5

6

7

8

9

10

11

Sex

Male
Female

Marital status

Married, liv. w. partner

20
80
50
10
10
30
0
40
60
0
0
0
80
20
0
10
10
70
10
0
0
20
20
40
0
10

80
30
0
0
30
60
10
20
40
30
10
10
20
80
10
10
20
10
50
20
10
20
10
0
20
60

50
50
100
0
0
0
0
50
40
10
0
0
10
90
0
0
0
60
30
0
0
0
0
20
20
50

40
60
0
0
0
100
0
10
60
20
0
10
80
20
10
30
10
20
10
10
0
60
0
0
0
40

80
20
30
0
30
30
0
20
10
70
0
0
10
90
0
20
10
30
30
0
0
10
20
10
20
30

50
50
80
0
20
0
0
50
50
10
0
0
60
40
0
10
10
80
0
0
0
10
20
40
30
0

60
40
90
0
10
0
0
0
70
20
0
0
90
10
0
20
20
40
10
0
0
0
30
40
10
20

10
90
40
0
30
20
10
60
30
10
5
0
50
60
10
10
10
60
20
0
0
0
10
30
10
50

40
60
10

40
60
60

60
40
60

40
20
40

20
10
10

20
10
10

Married, liv. sep. from p.

Relationship with
the family

Meeting groups
in general
Frequency of
meeting friends
in the last
12 months

Frequency of
meeting with a
certain group of
people in the last
12 months

Divorced
Widowed
Single
Very good
Good
Intermediate
Bad
Very bad
Yes
No
Daily
Several times a week
Once a week
1

 3 times a month

Scarcer
Never
Daily
Several times a week
Once a week
1

 3 times a month

Scarcer
Never

The first step to initialise the social network is to find the number of social contacts
for every AT. Due to computational power limitations, we decided to estimate the social
network size for every AT and not for every agent. Therefore, the size of a social network
is estimated based on the majority attribute of the AT. The attribute distribution in every
AT can be seen in Table 4.2. If someone is married, female or meets groups in general,
then the social network is increased by one for every attribute that holds the majority
within this AT. Agents that meet friends at least 1  3 times per month or have at least
a good relationship with the family have an increased social network by two.
One very important aspect is marital status. If the main marital status is ‘married’, the
AT has an additional agent in the social network as we assume that the spouse is living
in the same flat. If the majority gender of an AT is female, the AT has a bigger social
network, following Litwin (1995). We assume that a good relationship with family is based
on close contacts, which leads to two additional links. The same is the case if an agent
meets friends regularly. We expect that regular meetings are only possible if close spatial
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proximity is maintained. If the question ‘do you meet groups in general’ was answered
with ‘yes’, the AT has two additional connections in the social network. We do not add
more connections based on this question as we cannot eliminate the possibility that the
general group also include friends and family.
The resulting size of the social network is then implemented into the model, and wpAsn q
is based on it. However, as the model is running, the social network size likely decreases for
every agent. The reason for this is that agents from a social network may die or relocate.
There is also the possibility that an agent has fewer links than probable due to insufficient
possible connections in their radius to reach the maximum.
If an agent relocates, their social network is disrupted; as everyday support can no longer
be provided by their former neighbourhood, their former links are eliminated. Agents can
find new contacts in their new environment. However, this takes time, and their new
social network is likely to be smaller than before the move. At every time step, the agent
has a 40% probability of making new connections when their possible social network size
has not been reached. When an agent no longer has others in their social network, the
weight wpAsn q increases. This is based on the theory that the elderly want to stay in their
current location as long as possible, but they need support for doing so. If the support is
no longer guaranteed, the agent needs to relocate.
A challenge for building a social network is that AT 9  11 were not based on survey
data, as can be seen in Table 4.2. Therefore, the available attributes (gender and marital
status) and literature research had to be taken into account.
The size of the social network results in two different weights: agents who have others
in their social network and agents who do not have others in their social network. The
number of connections every agent has is based on their attributes. These resulting number
of connections were as follows: AT 1  8 agents in their social network, AT 2  1, AT
3  4, AT 4  7, AT 5  2, AT 6  8, AT 7  7, AT 8  4, AT 9  4, AT 10  6, AT
11  5. If an agent has any connections in their social network, the weight influencing
the relocation probability is lower, wpAsn q0.75. When an agent no longer has others in
their social network, then wpAsn q1.25.
The other necessary weight is the weight based on age. Due to previous research(see
Choi, 1996; Haacke et al., 2019; Zimmerli, 2016), we grouped the agents into three age
categories: young elderly ( 71) with wpAage q1.25, middle-aged elderly (71  79) with
wpAage q1.00 and very old elderly (¡79) with wpAage q0.75.
This approach results in the same base relocation probability for every AT and an
individual weight for every agent. In the end, the individual relocation probability, Prp pAi q,
can be calculated with the resulting weights for every agent.
Sub-models
For the simulation, the model needs three additional sub-models. One sub-model includes
the mortality rate, as this also influences the social network and the spatial distribution of
the elderly population. The second sub-model regulates where the elderly are moving. The
third sub-model handles the implementation of new elderly individuals (65-years old) at
every times step and their interaction through the social networks with elderly individuals.
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Mortality One of the sub-models is the model that calculates the probability of agents
dying at every time step (see Step 2 in Figure 4.1). The mortality rate is dependent on
the age and the gender of every agent. It was provided by Statistisches Bundesamt (2014).
Moving-to If the agent moves, we follow the approach by (Schelling, 1971) in which the
agents have a preference regarding people with the same background (in this case, the
AT) in their neighbourhood (see Step 5 in Figure 4.1). Dependent on the simulation,
the elderly have a smaller or a bigger radius r regarding what they consider their neighbourhood. Furthermore, the number of agents, ar , with the same AT necessary within
the target neighbourhood can change. If an agent attempting to relocate does not find
any neighbourhoods that fit the parameters, the agent selects a random neighbourhood in
which a minimum number of agents are present. In this case, the AT is no longer relevant.
When an agent relocates, the base relocation probability changes to Prp pAT q  0.0005,
and the social network disappears.
New agents New agents, who are 65 years old, are included with a spatial microsimulation as described in Haacke et al. (2022); Lovelace and Dumont (2016). The ATs have
the same attribute distribution as the initial artificial population. At every time step t,
20% of the average number of elderly who turn 65 every year are included (see Step 6 in
Figure 4.1). The average is calculated based on the census data of 65-year-old between
2010 and 2020 (StatIS-BBB, 2017).
New agents connect preferably with other new agents and also have a probability to
connect with an existing agent when they do not have their maximum number of possible
connections and the existing agent’s social network also does not have its maximum number
of possible connections due to others moving away or dying (see Step 7 in 4.1). There
is also the possibility that the agents do not have their maximum number of possible
connections as there are not enough agents with the same AT in their neighbourhood
(which is not the same size as the ‘moving-to’ ar , but a constant of 22 cells). Already
existing agents, who do not have the maximum number of connections possible for their
AT, have a 40% probability of reconnecting with other agents in their neighbourhood.

4.2.4. Goodness evaluation of the model and analysis of the results
After a model was initiated and the simulation was run with different parameter combinations, a validation and sensitivity analysis of the output was necessary to estimate the
robustness of the model. The sensitivity analysis was used to understand the real-world
dynamics and emergent patterns that were described by the ABMs. Furthermore, the
analysis could be used to analyse how robust the model outcomes were in connection with
the changing parameters (Axtell, 2000). Robustness makes the model more credible (ten
Broeke et al., 2016).
The analysis was done with the behaviour space, an integrated software tool of NetLogo
(Wilensky, 1999). The resulting agents were then exported with the attributes gender, SU,
migration background, age and marital status in order to compare the artificial population
with the real population from the census data (StatIS-BBB, 2017). We also exported the
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ATs for the calculation of the segregation. The output could then be compared with the
census data.
We analysed the spatial segregation as measured by the local entropy and H-index. In
addition, we analysed the number of elderly who relocated and what impact on relocation the changing parameters had. Furthermore, we let the model run with new agents
implemented at every time step and with no new agents implemented at every time step.
First, the segregation of the model at time t0 was calculated to compare it with the
output of the model. We used the H-index, Hi , which we calculated with the R software
environment (Harris, 2016) following Roberto (2016) and Sparks (2017). It compares the
diversity of local areas to the overall diversity of a region (Reardon and Firebaugh, 2002;
Roberto, 2016).
The first step in determining the value of Hi is to calculate the overall diversity or
entropy E, which can be found by using Equation 4.2 (Roberto, 2016). The entropy
measures the probability with which an outcome m occurs. This is then weighted by the
probability of its occurrence, πm . If the proportion of an AT per SU is very small, the
log value and thus the resulting local entropy have no output, designated by na (not a
number).
E

M̧





πm log

m i

1
πm

(4.2)

The highest possible overall entropy with 11 ATs is E 3.46. The lowest value is E 0.
The higher the value of E, the more the population is equally distributed over the entire
area. This means that no segregation is taking place.
ppAi q is the probability that an AT Ai happens to be in area i (see Equation 4.3). With
a single AT, A P t1, . . . , 11u, and with ppAi q  1, N pAi q is the number of samples of
typology A in the local area i.

°

p pAi q 

°NNpApiAq q
A

(4.3)

i

The next step is to calculate the local entropy for every SU i in Equation 4.4. For this,
the output from Equation 4.3 is used.
Ei



¸

ppAi q log

A

1
p pAi q

(4.4)

The H-index is calculated in the next step. For a single area i, the index measures one
minus the ratio of local diversity Ei to overall diversity E (see Equation 4.5) (Reardon
and Firebaugh, 2002).
Hi

 1  EEi

(4.5)

Hi usually ranges between zero and one. A value of one signifies that there is no diversity
in the local areas, while Hi 0 indicates that all local areas are as diverse as the region.
There is the possibility that Hi 0, which is interpreted as areas more diverse on average
than the region as a whole (Reardon and Firebaugh, 2002; Roberto, 2016).
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4.3. Results
The resulting overall entropy of the different simulations was E  r2.27, 2.29s. The mean
overall entropy was E  2.28. The median was E  2.27. The resulting Hi and Ei
values were visualised in maps to show the spatial distribution. The colour bar for Hi was
divided according to the quantiles. The maps were selected to present the scenarios with
the maximum, minimum and mean values for E, Ei and Hi . In the following sections, only
the results for scenarios with new implemented agents at every time step are visualised.
Scenario visualisations with no new implemented agents can be seen in the supplementary
files (chapter 4.6).

4.3.1. Resulting local entropy and H-Index
At the beginning, the starting values at t0 are represented. Ei in Figure 4.2 has a higher
value in most of the districts. However, there were some areas, where the population
was imbalanced. A majority of the areas had values of Ei ¡2. The H-index shows a more
differentiated image (Figure 4.2), with more areas with a lower value in the centre of Berlin
and areas with a higher value in the outskirts of Berlin. However, the overall H-index was
very low (Hi 0.0001).

Figure 4.2.: Map with starting H-index and local entropy. Overall Entropy = 2.27366
During the simulation, the weight for age wpAage q  r0.75, 1.25s for the ages 65  70
and ages ¡ 79. The weight for ages 71  79 remained. The weight for the social network
was wpAsn q  r0.75, 1.25s. E and Ei are listed in the results to enable a comparison of
how similar the different SUs were; to begin, Hi only showed how different the various
SUs were in comparison to the overall entropy. In the following, the resulting population
is first shown at t15 .
In Figure 4.5, the output with the highest value of the Hi is shown (Hi 0.01416). In
this scenario, 10 agents had to be within a radius of 20 pixels. If the number of links 1,
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wpAsn q  0.75. If age 71, wpAage q0.75; if age was 71–79, wpAage q1.00. If age ¡79,
wpAage q1.25. The overall entropy was E  2.287.
The highest value for Ei was Ei  2.29322 (see Figure 4.5). In this scenario, 15 agents
had to be within a radius of 10 pixels. If the number of connections was 1, wpAsn q0.75.
If age 71, wpAage q0.75; if age was 71–79, wpAage qq1.00. If age ¡79, wpAage q1.25.
The overall entropy was E 2.293.
In Figure 4.5, the map which had the maximum E can be seen (E  2.29). For this
output, the 20 agents had to be in a radius of 20 pixels. If age 71, wpAage q1.25; if
age was 71–79, wpAage q1.00. If age ¡79, wpAage q0.75. If the social network was 1,
wpAsn q  1.25.

4.3.2. Relocation of the elderly
In the next step, the relocation of the elderly is presented. For this, the maps with the
relocation are shown with Hi and Ei . The average number of agents who stayed was 56%.
In Figure 4.3, the maximum number of people who remained in their location is shown.
Approximately, 69% had not moved at t15 . In this scenario, 15 agents had to be within a
radius of 15 pixels. If the number of links was 1, wpAsn q0.75. If age 71, wpAage q0.75;
if age was 71–79, wpAage q1.00. If age ¡79, wpAage q1.25. The overall entropy was
E 2.29.

Figure 4.3.: Maximum number of people who stayed
Figure 4.4 presents the segregation with a minimum of agents who remained in their
current location, and no new agents were added. Approximately 42% of the agents stayed
in their location. In this case, when a10 and r15, wpAsn q1.25, and wpAage q1.25|0.75.

4.3.3. Validation of the model
There are different approaches for the validation of the model. First, we compared the
attribute distribution of the real population to the artificial population with the proposed
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Figure 4.4.: Minimum agents who stayed
weights. As the next step, the parameters were used with different input values for a
sensitivity analysis.
Real population compared to the artificial population at t6
For the validation, the attribute distribution of the populations were compared as shown
in Table 4.3. The deviation between Germans and immigrants was 2%. It can be seen that
the disparity in the attribute sex was 1%. For the marital status, the biggest divergence
was for married agents. There were 4% more agents married than in the real population.
Widowed and single agents were underrepresented with 3% each. A bigger deviation was
in the age groupings with the biggest difference for agents in the 65–69 age group with 7%
too many; there were 6% too few in the ¥90 year old group.
Sensitivity analysis
For the sensitivity analysis, other parameters were used in the model. However, the weight
for agents with connections, wpAsn q¡1.00, and in the age range 71–79, wpAage q1.00, remained stable. All the other parameters were changed. However, to estimate the influence
of every parameter separately, the parameters were not all changed at the same time. In
one scenario run, we decreased the radius (r) and increased the number of agents necessary
for an agent to relocate (ar ). In another scenario run, the model ran longer (maximum
t40), and the weight range was bigger (minimum w0.25, maximum w1.75). In the
last run, only the weights were changed (minimum w0.5, maximum w1.5).
If the number of necessary agents was very high (a¡40) with a small radius (r 4), then
the overall H-value increased slightly ( 0.01). However, the maximum overall entropy
remained with E  2.7|2.8.
The overall relocation in all scenarios varied between 28% and 74%. However, if we
split the scenarios that included new agents at every time step and scenarios that did
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Table 4.3.: Comparison artificial population with real population in 2020 at t6
Variable

Attribute
population

Migration bg

German
Immigrant
Female
Male
Married
Divorced
Widowed
Single
Other
65  69
70  74
75  79
80  84
85  89
¥ 90

Sex
Marital status

Age

Artificial
population

ER
population

Deviation

94%
6%
58%
42%
57%
17%
21%
5%

92%
8%
57%
43%
52%
16%
24%
8%
1%
26%
21%
22%
18%
9%
7%

2%



33%
24%
18%
18%
7%
1%

2%
1%

1%
5%
1%
3%
3%
 1%
7%
3%
4%


2%
6%

Table 4.4.: Overview of agents who do not relocate
Parameter range
t  15, r  |5, 20|
ar  |5, 20|
w  |0.75, 1.25|
t  15, r  |1, 3|
ar  |40, 60|
w  |0.75, 1.25|
t  30, r  |5, 20|
ar  |5, 20|
w  |0.25, 1.75|
t  15, r  |5, 20|
ar  |5, 20|
w  |0.5, 1.5|

Value

I
Maximum
Minimum

I

Maximum
Minimum

I

Maximum
Minimum

I

Maximum
Minimum

New agents

No new agents

66%
70%
64%
67%
69%
64%
65%
68%
62%
69%
72%
64%

46%
51%
42%
46%
51%
42%
30%
34%
26%
43%
51%
38%

not, we obtained different output (for the output of scenarios with no new agents, see
supplementary files and Table 4.4). For scenarios that included new agents, the range was
between 62%  72% for agents who remained (see Table 4.4).
In Table 4.7 in the Supplementary Materials, the percentage of agents who stay with
different parameters is listed. For the sake of comparability, only scenarios with new agents
are described in this chapter.
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4.4. Discussion
The approach described in this paper shows how to model the spatio-temporal development
of a diverse, heterogeneous elderly population. For the scenario runs, 20% of the real
population was implemented as an artificial population with 11 ATs.

4.4.1. Segregation
To analyse the output of the model, the segregation and relocation were measured. For
the segregation measurement, the H-index was used. This was calculated for a single area
(i) where the index measured the extent to which the areas’ entropy (Ei ) was reduced
below the region’s entropy (E) (Theil and Finizza, 1971). If Ei 0, then the local entropy
had the same value as the overall entropy. This would signify that in SUi , all the agents
were of the same AT, which would also mean that the agents were unequally distributed
within Berlin (Theil and Finizza, 1971). Hi typically ranged between zero and one. A
value of one indicates that there was no diversity in local areas. A value of zero indicated
that all local areas were as diverse as the region. If Hi 0, then the SUs were more diverse
than the region as a whole (Reardon and O’Sullivan, 2004; Roberto, 2016).
At t0 , most of the areas were more similar, following Ei in Figure 4.2. It also has
to be mentioned that all areas with a low Ei were areas that were scarcely populated.
The H-index showed at t0 a clear distribution with higher values in the outer areas of
Berlin and lower values in the centre of Berlin. In all scenarios, there were changes to
the starting spatial distribution (see Figure 4.2). This aligned with our expectations as a
static population distribution was unlikely and would not reflect reality.
The emergence of the model regarding segregation was robustly low. The overall entropy
was E ¡2, which means that the populations within the different spatial units tended to
be more similar than different. However, there were districts where the population was
more segregated.
There was one case in which the statistical analysis of the scenarios had the suggested
weights for age and the social network as output. This was for the maximum E, which
means that the artificial population in this scenario was more equally distributed (see
Figure 4.5).
The Hi values were relatively low. The overall low values for Hi indicate that Ei E
which entails that all local areas were as diverse as the entire region of Berlin. However,
the region was not diverse overall as IE  2.27, which leads to the conclusion that there
was little segregation happening. For the maximum value for Hi in Figure 4.5, there was
an accumulation of areas with no segregation from the northeast to the southeast of Berlin.
The highest H-index was 0.0141 (see Figure 4.5), which indicates that this area was nearly
as diverse as the entire region. There was less segregation in the eastern parts of Berlin.
This was surprising as the starting segregation patterns (see Figure 4.2) did not indicate
any difference in other regions of Berlin. A possible explanation is that certain ATs in the
region have a higher population density, and thus more ATs of the same type move into
the area.
In all three scenarios (see Figure 4.5), there was an accumulation of population in the
eastern part of Berlin in the Hi output. However, the output for Ei does not show a
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clear pattern, even though the SUs in the eastern parts of Berlin had an overall lower
value, which indicates a more segregated area. In all scenarios, there were fewer areas
with Ei ¡ 2 at t16 as at t0 . This leads to the conclusion that the population becomes
more segregated over time, even though the segregation was not very strong.

4.4.2. Relocation
Another aspect of the evaluation of the model was the number of relocations. In this
section, we will only discuss the results for the starting range of parameters. Overall,
staying was higher when new agents were included in the simulation, so we did not simulate
one cohort (Table 4.4). This also relates to reality (see Oswald et al., 2007, 2013) as the
elderly generally prefer to stay in their current environment. This could be related to new
agents who can be included in a social network, which leads to less unconnected agents.
However, if no new agents were implemented, then the average agents who relocated per
scenario increased.
Our proposed weights resulted in a minimum of staying agents, or to the highest relocation. This scenario was interesting as it led to an accumulation of higher Hi values
in the eastern part of Berlin (see Figure 4.3). This was even more interesting when we
consulted the Ei values, which were very low in this area. Both results combined led to the
conclusion that a low relocation produced higher segregation. This may be because ATs
that were in heterogeneous areas had fewer contacts in their social networks and relocated
more quickly.

4.4.3. Evaluation and sensitivity analysis
For the sensitivity analysis, we changed weights for the social network and age, with a
constant radius and number of agents per radius. However, different parameters did not
show stronger segregation. Furthermore, the model was very robust independent of the
parameters. Overall, the values stabilised after t30 with an I value of Hi  0.0002|0.0003.
The overall entropy reached values around E  2.6|2.7. In all scenarios, there were lower
Hi values in the centre of Berlin, which also corresponds with Kennedy and De Jong (1977)
who found that the segregation in their research was not the same over the entire area.
A bigger range of weights led to less relocation (see Table 4.4). It remains unclear
why that was the case. Probably, it was because more agents had a social network.
However, this led to a rejection of the hypothesis that the more agents relocate, the higher
the weights would be. In the end, we wanted to emphasize that there was no scenario
regarding a maximum or minimum relocation in which the weights were neutral, w1.
We conclude that the weights influenced the number of relocations.
Answering the question ‘How is the relocation influenced by the parameters of the
model?’ was not trivial. No parameter suddenly led to a huge change in the relocation of
agents. The only parameter we would like to point out is t. If no new agents were added
to the simulation, then more agents relocated. However, this was obvious as the overall
probability for relocation was higher the longer the model ran, even though an AT might
have had a low base relocation probability.
The accumulation of agents was influenced by the ‘moving-to’ sub-model. When agents
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moved into an area, that meant that it already had a light accumulation of a specific AT,
so other ATs of the same type would likely move there. If there is no such area with
sufficient agents with the same ATs, then the agent chose a random SU with agents in it.
This should have led to a more random result. However, as the model remained robust,
even with higher ar and r values, the question remains: was the condition always met or
was the starting model already that heterogeneous? A more random ‘moving-to’ seemed
to have no influence. This was not answered with our approach.
Overall, the artificial population was a good representation. Nevertheless, the age group
65  69 was overrepresented. This could lead to deviation in relocation regarding the
weights for the social network. We have to keep in mind that the age groups 65–70 and
80–90 were considered one group regarding their weighting, wpAage q. However, as the
very young and the very old were overrepresented, that can lead to a low impact when
the weights are reversed (low weights for younger elderly, high weights for older elderly).
In reality, there are fewer very old people, which would lead to fewer relocations when the
weights are reversed (see Table 4.3).
We also increased the number of time steps to t30 . However, this also did not lead to
increased segregation or a higher entropy, leading to the conclusion that the model was
extremely robust regarding segregation.

4.4.4. Limitations
We did not include households, but individuals, which was an advantage and a disadvantage of this model. It is likely that households decide to move together; therefore, it would
make sense for future models to pair married agents together and let them move together.
However, as nearly 50% of all elderly are not married (see Table 4.3) and more elderly are
living alone, the approach was still reasonable.
An extreme version of spatial age segregation occurs in intentionally age homogeneous
housing, such as nursing homes, assisted living facilities, retirement homes and retirement
communities (Hagestad and Uhlenberg, 2006), which we did not include in our model.
Therefore, it would make sense to include retirement homes into the ‘moving-to’ submodel in the future.
We also did not include other factors, which can lead to relocation, like increasing rent.
However, little flexibility regarding rents was included in the base relocation probability,
which takes the rent the elderly are currently paying and their income into account (Haacke
et al., 2022).
Many models only regard the area within a city. However, the island city does not
exist and is not adequate for studies that seek to understand the environmental impacts
of land-use change beyond the urban fringe or regional environmental management and
planning. Following other models (e.g., see Mokrech et al., 2011), we did not consider
relocation out of or into Berlin. In 2014, there was a discrepancy about 1, 000 people who
relocated outside of Berlin (Amt für Statistik Berlin-Brandenburg, 2017).
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4.4.5. Implications
With our modelling approach, we were able to answer our research questions and verify
or reject the hypotheses. Our resulting elderly population was not segregated, but the
segregation increased in comparison to the situation at t0 . Segregation is a process, which
has been successfully used for measuring changes in other models (see for example Crooks,
2010; Haase et al., 2010) to show changes in the population. However, other models (see
Haase et al., 2010) have a higher segregation at t0 . For Berlin, the starting segregation
was already low. At t16 of the model, the changes with Hi were small. Therefore, we have
to reject our hypothesis that the diverse ATs will segregate spatially. At least, with the
H-index, the values remained too low to make a reliable statement in this direction.
Our other hypothesis about the different developments of segregation dependent on ar
and r could be verified, as the output changed. If we increased ar and decreased r, the
maximum mean value was Hi  0.00077 and the minimum mean for Hi  0.00042. Both
values were a bit higher than the starting model (max IHi  0.0005, min IHi  0.00012).
Furthermore, the average local entropy Ei became lower, which signified that the overall
segregation increased slightly.
We cannot answer the question if segregation was a proper tool to estimate the spatiotemporal development of the elderly. In our case, the segregation index did not provide
a good measurement for the population behaviour, as the overall values were too low,
even though they were changing. However, there might be other segregation indices, for
example, indices that do not work with SUs, which can provide other results. Different
researchers discuss segregation indices and the H-index and go into more detail regarding
different approaches (see Dangschat, 2016; Koch, 2018; Roberto, 2016). However, as our
aim for research was not to discuss the best segregation index, but to see if the used
segregation index was providing clear results, we leave other indices as possibilities for
future work.
However, the H-index remained robust during different scenario runs and with different
parameters regarding the numeric values. The robustness also lead to a rejection of the
hypothesis that until a certain radius, the segregation would increase, but after a tipping
point, the population distribution would become more homogeneous. Even though we
perceived changes in the spatial distribution and the segregation of the agents, we were
not able to find a range that would lead to higher segregation. We also did not try to
find a tipping point regarding lower segregation as the segregation was already very low
throughout the entire modelling process.
Low segregation also makes sense concerning reality, as people usually cannot choose
their location based only on the target environment. Usually, there are constraints, such
as where a flat is empty and how much money for rent is available. This is even more so in
Berlin, where the rent has been increasing in the last few years, which has led to growing
social conflicts (Holm, 2020; Rink and Vollmer, 2019).
Schelling (1971) demonstrated how patterns of residential segregation can result when
individuals have only a small preference to be near people like themselves (Brown and
Robinson, 2006), while it does not reproduce segregation if the decision to relocate is
entirely random (Grimm and Railsback, 2012).
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4.5. Conclusion
This is the first approach to model an elderly population. A special focus was on the diverse
backgrounds of the elderly, as previous research on the elderly has often been focused on a
few attributes and often does not include a spatial context (Enßle-Reinhardt, 2020). The
output with overall low segregation was reasonable, as the starting segregation was very
low. In addition, there is an ongoing discussion about the suitability of segregation as
a measurement of spatial changes (Roberto, 2016). Furthermore, the model was robust
regarding E, Ei , Hi and the percentage of relocating agents.
The model can be improved by including more factors regarding the relocation itself and
the process of choosing a new location. Among these could be the rent index or retirement
homes as additional factors. To test the segregation of the elderly as an entire group, a
younger population could be included as well. However, it would be necessary to include
the spatial distribution and relocation of those 65 years old as well.
Another aspect, which would need a more specific sub-model, is the emergence of social
networks as also mentioned by Enßle-Reinhardt (2020). In this work, we included agents
in a network based on spatial proximity. However, it is likely that the elderly also have
people in their network who are not living close but are still important for emotional
support (Enßle-Reinhardt, 2020). It would be interesting to include the network that
might not provide support in everyday life but might still be important in a relocation.
All in all, the emergence of the model was reasonable. Furthermore, it provides a good
basis for more detailed behaviour that could be implemented in further work. Due to the
data-driven approach (see Haacke et al., 2019, 2022), the model can also be used with
other cities, if the relevant data is available.
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4.6. Supplementary Materials
Base relocation probability
In the paper provided by Haacke et al. (2022), the base relocation probability for AT 2 is
0, due to the normalization process. However, the likelihood, that an AT is not moving
at all is low. Therefore, we set Prp A2  0.001.
Table 4.5.: Results of the estimation of the base relocation probability from Haacke et al.
(2022)
Agent typology

Relocation
probability r%s

AT
AT
AT
AT
AT
AT
AT
AT
AT
AT
AT

0.16
0.001
0.01
0.09
0.09
0.06
0.06
0.13
0.23
0.1
0.07

1
2
3
4
5
6
7
8
9
10
11

More details sensitivity analysis

Table 4.6.: All parameters for the scenarios in which ar
|0.75, 1.25|, tn  15

Minimum Hi
Maximum Hi
Maximum IHi
Minimum IHi &
maximum IEi
Minimum Ei &
Minimum E
Maximum Ei
Maximum E

Agents in
radius (ar )

Radius
(r)

wpAsn q
sn 1

wpAage q
age 71

age

10
10
20

20
20
15

1
0.75
1.25

1
0.75
0.75

5

5

1

10
15
20

10
10
20

0.75
0.75
1.25

 |5, 20|, a  |5, 20|, w 
New agents
True/False

E

1
1.25
1.25

False
True
False

E
E
E

 2.27
 2.29
 2.27

1.25

0.75

False

E

 2.27

0.75
0.75
1.25

1.25
1.25
0.75

False
True
True

E
E
E

 2.27
 2.29
 2.29

¡ 79
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Table 4.7.: Overview of staying agents with new agents in every time step

t  15, r  |5, 20|, ar  |5, 20|,
Max stayers
Min stayers
t  15, r  |1, 3|, ar  |40, 60|,
Max stayers
Min stayers
t  30, r  |5, 20|, ar  |5, 20|,
Max stayers
Min stayers
t  15, r  |5, 20|, ar  |5, 20|,
Max stayers
Min stayers

w

w

w

w

wpAsn q
sn 1

wpAage q
age 71

15
15

0.75
1.25

0.75
1.25

1.25
0.75

60
60

3
3

0.75
1.25

0.75
1.25

1.25
0.75

True
True

10
10

10
10

0.75
1.25

0.75
1.25

1.25
0.75

True
True

15
5

5
5

0.5
1.5

0.5
1.25

1.5
0.75

New agents
True/False

ar

True
True

15
10

True
True

r

age

 |0.75, 1.25|
 |0.75, 1.25|
 |0.5, 1.5|
 |0.5, 1.5|

¡ 79

Table 4.8.: Overview of staying agents with no new agents in every time step

t  15, r  |5, 20|, a  |5, 20|,
Max stayers
Min stayers
t  15, r  |1, 3|, a  |40, 60|,
Max stayers
Min stayers
t  30, r  |5, 20|, a  |5, 20|,
Max stayers
Min stayers
t  15, r  |5, 20|, a  |5, 20|,
Max stayers
Min stayers

w

w

w

w

wpAsn q
sn 1

wpAage q
age 71

5
10

0.75
1.25

1.25
0.75

0.75
1.25

40
60

1
3

0.75
1.25

1.25
0.75

0.75
1.25

False
False

10
10

10
10

1.25
0.75

1.25
0.75

0.75
1.25

False
False

5
15

5
15

1.5
1.5

1.25
0.5

0.75
1.5

New agents
True/False

ar

False
False

10
15

False
False

r

age

 |0.75, 1.25|
 |0.75, 1.25|
 |0.5, 1.5|
 |0.5, 1.5|

¡ 79

Results for scenario runs without new agents in every time step (Hi , Ei )
In Figure 4.6, the output with the lowest value for Hi is shown (Hi  0.00038). For this
output, 10 agents have to be within a radius of 20 pixels. wpAsn q  1 if the number of
connections 1 (neutral weight), and for wpAage q  1 if age 71, 1 if age 71  79 and
1 if age the ¡ 79 (neutral weight). New agents are not implemented in every time step.
The overall H-Index is low (Hi 0.0001). The overall entropy is E  2.274.
The output which has the highest overall values with a mean Hi of Hi  0.0005 can be
seen in Figure 4.7. Here, 20 agents have to be in a radius of 15 pixels. The weight of the
social network is 1.25 if the number of links is 1. Furthermore, the weight of the age is
0.75 if the agents are 71 and 1.25 if the agents are ¡ 79. No new agents are added in
every time step.
The result with the lowest mean Hi  0.00012 is also the result with the highest Ei 
1.93388 (see Figure 4.8). In this scenario, 5 agents have to be in a radius of 5 pixels. The
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Figure 4.6.: Minimum Hi with Hi

 0.00038

Figure 4.7.: Maximum mean H-Index with Hi

 0.0005

weight for the social network is neutral (wpAsn q  1) and the weight for the age is 1.25 if
the elderly are 71 and 0.75 if the elderly are ¡ 79. No new agents are implemented in
every time step.
Figure 4.9 shows the minimum value for Ei (Ei  0). In this case, 10 agents have to
be within a radius of 10 pixels. The weight for the social network is 0.75 if the number of
connections 1, and for the age 0.75 if age 71, 1 if age 71  79 and 1.25 if age ¡ 79.
No new agents are implemented in every time step. This is also the result with the lowest
overall entropy (E  2.274).
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Figure 4.8.: Minimum mean Hi with Hi
with Ei  1.93388

 0.00012, which is also the maximum mean Ei

Figure 4.9.: Minimum Ei with Ei

90

0

Results for the relocation with no new agents

Figure 4.10.: Minimum number of people who stayed with no new agents
In Figure 4.10 the minimum number of people who remained in their location is shown.
41.65% have not moved at t15 . 15 agents have to be within a radius of 10 pixels. The
weight for the social network is 1.25 if the number of links 1, and for the age 0.75 if age
71, 1 if age 71  79 and 1.25 if age ¡ 79. No new agents are implemented in every time
step.

Figure 4.11.: Maximum agents who stayed with no new agents
In Figure 4.11 is the segregation with a maximum of agents who remained in their
current location and no new agents are added. In this case, 51% stayed in their location.
This is the case, when a  10, r  5 and wpAage q  0.75|1.25, wpAsn q  1.25.
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5.Synthesis
5.1. Summary and discussion
The aim of the thesis was to model urban dynamics with the resulting spatio-temporal
distribution of a diverse elderly population with mixed-method approaches. Berlin was
selected as a case study. Research Question I laid the groundwork regarding the estimation
of a possible relocation behaviour of the elderly (Chapter 2). Research Question II targeted
the derivation of a spatial artificial population with behaviour rules that were derived with
the results of Research Question I (Chapter 3). For Research Question III, the results
from Research Questions I and II were implemented in a model. The model was refined
and then simulated (Chapter 4).
The following section aims to summarise and discuss the main findings of the core
research Chapters 2-4, as well as the findings regarding the main research questions.

5.1.1. Research Question I
What are the attributes and reasons for the relocation of older people with diverse
backgrounds in Berlin? Chapters 2 and 3 focused on finding attributes that lead to or
discourage relocation. In Chapter 2, the analysis of the GOiB survey was conducted. The
study took place in Berlin in 2018 and aimed to establish reasons for past and planned
relocations. The resulting observations were evaluated using a statistical analysis. A
special focus was put on the variables social class, migrant history and gender
because these were the typical variables to describe a diverse background (Calasanti, 1996;
Pain et al., 2000). For this approach, observations were used of the elderly who were 60
years old and older, which diverged slightly from the target age of the overall thesis (age
¥ 65). Nevertheless, the results of the GOiB survey were applied for the age ¥ 65 group
for the later modelling and simulation.
For the statistical analysis, the observations were divided into elderly who had already
moved and elderly who were planning to move. The elderly who did not move or were
not planning to relocate were excluded. With both moving groups, a χ2 -test, analysis
of variance (ANOVA) and multivariate binomial logistic regression were conducted to
analyse which variables lead to (possible) relocation. The analysis confirmed that the
variable migration background did not lead to more relocation. However, age, gender
and family status showed dependencies regarding relocation. In some cases, the social
class presented by income and education influenced relocation. The elderly with higher
incomes and higher education, for example, were more likely to relocate. However, elderly
with a very high income were less likely to relocate. Other studies confirmed the results of
the statistical analysis (see, among others, Choi, 1996; Teti et al., 2012; Zimmerli, 2016).
Even though the results of the statistical analysis were satisfactory, there were some
problems with smaller groups with interrelating attributes, for example, elderly who were
female and widowed or the elderly with a specific country of origin, because the groups
became too small to find a trend regarding relocation behaviour with a statistical analysis.
Thus, it was difficult to draw conclusions regarding diverse backgrounds. Nevertheless, the
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descriptive analysis revealed that gender had an impact on relocation, as females showed
a slightly higher willingness to move. This corresponded with the results by Choi (1996),
who drew the same conclusion. In addition, investigating social class and its influence
on relocation showed that elders with high education planned to move more often, which
also overlapped with the conclusions of others (Teti et al., 2012; Zimmerli, 2016). However,
a dependency between low education and willingness to relocate was not found. Also, it
has to be kept in mind that elders with higher education often had higher incomes and,
therefore, more resources to either relocate or adapt their current living situation to their
wishes to cope with more challenges, like increasing frailty with old age. Other studies
(see, among others, Choi, 1996; Smetcoren et al., 2017; Wiseman, 1980) confirmed, that
the financial status has an impact on relocation.
The attributes from other studies that led to relocation were in some cases a mismatch to
the results based on the GOiB survey. Hansen and Gottschalk (2006), for instance, found
no connection between relocation willingness and gender. Diverging factors were to be
expected and different studies were consulted for a broader picture (Janssen and Ostrom,
2006). Ultimately, the results from the statistical analysis were used after confirmation
with expert interviews (Enßle-Reinhardt, 2020). A particular notable find was that age
was one of the most important variables regarding relocation. This was also confirmed by
previous studies (Choi, 1996; Teti et al., 2012). The peak in movements was observed in
the 65–70 age group, and a drop in willingness to relocate was seen at the age of 80. This
diverged slightly from the findings by Choi (1996) and Teti et al. (2012), who divided the
elderly into two age-related groups: age 70, who were more likely to relocate, and age
¥ 70, who were less likely to move. Nevertheless, it could be concluded that age affected
willingness to relocate, which could indicate the particular importance of age ahead of
other differences. The elderly were grouped by age based on the findings of the GOiB, as
it was possible that the behaviour of the elderly population of Berlin diverged from other
cities. The age group analysis showed that it is necessary to derive different relocation
probabilities for separate age groups and not for all elderly individuals as a single group.
Furthermore, the social network has a major impact on relocation (Enßle-Reinhardt,
2020).
Another result from the GOiB survey was that the elderly are relocating and the number
of relocations seemed to be increasing in comparison to previous studies (Oswald et al.,
2013). This overlapped with conclusions regarding an increasing relocation probability by
Kricheldorff (2017) and Zimmerli (2016). This finding was essential because the future
model needs to capture the number of relocations of the elderly to provide a reliable
emergence.
Another aim of this thesis was to find practical reasons for relocation. With the GOiB,
the following main reasons were derived: moving into a cheaper flat, a barrier-free flat,
a flat with fewer rooms, relocation due to changes in the neighbourhood, termination of
the rental contract or wanting another community. The loss of a partner and relocation
to family were other reasons (see also Figure 2.3). Based on the reasons for relocation,
attributes could be estimated that influenced relocation decisions. It was, for example,
more likely that elderly with a low income had to relocate to a cheaper flat due to higher
pressure caused by increasing rents. For an assessment regarding the reasons that lead to
relocation, a literature research was conducted to compare the results based on the GOiB
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study results to results from other researchers. All in all, the main reasons for relocation
were related to the flat.
For the relocation behaviour, different factors and their interrelations needed to be
included, as already implemented when using the variable social class and its influence
on past and future movement. Therefore, the combination of variables was taken into
account for the final derivation of the relocation probability. It was interesting to see
that the main reasons for relocation were related to flats. Moving into a cheaper flat
and termination of the rental contract might be related to the increasing rents in Berlin.
Factors related to renting will likely gain more influence in the future because the trend
of increasing rents will continue (Duso et al., 2021; Holm, 2020).
In the end, it can be concluded that there are some variables that lead to relocation.
Among those are net household income, education, gender, marital status,
apartment size, rent, if the house or flat is owned or rented, health status of the
partner or own and the satisfaction with the living situation (see also Table 3.1).
However, two variables influenced the relocation more than others. Age was concluded
to be one of the most important factors for relocation, which is interesting, as one might
argue that the ageing process affects everyone equally, especially when it comes to very
old age. Another important aspect is the social network.

5.1.2. Research Question II
How does one derive a diverse elderly artificial population with their spatial location
and relocation behaviour for an empirically grounded ABM with scarce data? The
question of how to derive a diverse elderly population was mainly answered in Chapter 3
and was based on the adapted framework from Smajgl and Barreteau (2014) (see Figure
5.1. For a derivation of agents with their behaviour rules, a framework was necessary to
combine the quantitative and qualitative approaches, for a holistic picture of the spatiotemporal distribution of the age ¥ 65 group. The relocation behaviour of the agents was
based on the results from Research Question I. In the beginning, datasets were needed
to group observations with the same behaviour into ATs. A constraint was that the
datasets should provide sufficient attributes in order to enable the operator to estimate
possible behaviour. This dataset was found in the DEAS survey. Ideally, the data also
include spatial information. However, data with sufficient attributes on which to base
the behaviour and spatial information were not available for Berlin. A second dataset
was necessary that included spatial information. An approach was found to provide the
non-spatial agents with a spatial element.
The approach follows the adapted framework, first introduced by Smajgl et al. (2011).
At the beginning of the approach, a model was formulated (Smajgl and Barreteau, 2014)
(see Figure 5.1). Afterwards, different model characterisation methods were applied to
derive ATs and their behaviour:
1. Variables were selected that influence relocation, based on a mixed-method approach
(M1).
2. With the selected variables a cluster analysis was conducted as a basis for agent
typologies (M2).
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Figure 5.1.: Adapted framework of the empirically grounded ABM to model a diverse
elderly population following Smajgl and Barreteau (2014). The model was
formulated with the three components: agents, behaviour and the environment.
3. The ATs’ attributes were based on the clusters’ attributes (M3a), the behaviour
rules were derived based on the ATs’ attributes (M3b) and the size of the social
network was estimated also based on the ATs attributes (M3c).
4. An upscaling was conducted (M4).
5. The resulting non-spatial artificial population was assessed (M5).
6. Spatial information was added to the artificial population (M6).
7. The resulting spatial artificial population was assessed again (M7).
Select variables (M1): Literature research was conducted in combination with expert
interviews and the GOiB to derive which variables influenced the behaviour of the agents.
Group agents (M2): A cluster analysis was then conducted with data from the DEAS
(Deutscher Altersuvey: SUF DEAS, 2014) following Fontaine et al. (2014) and Rounsevell
et al. (2012). Input variables were selected based on results by the partner project from
expert interviews and literature research. The selection needs to be conducted carefully as
the output is highly sensitive regarding the input (Kabacoff, 2015). Suitable variables were
attributes that could influence relocation (for a list see Table 3.6 in the supplementary
files of Chapter 3). The resulting eight clusters formed the ATs. This approach has
the advantage that a diverse artificial population can be created, even if not enough
information about the behaviour of the groups is available.
Derive attributes, behaviour and social network (M3a): The agents’ attributes
were based on the attributes in the clusters.
Derive behaviour (M3b): The behaviour was derived based on the agents’ attributes
with the results from Research Question I. For this, a tendency regarding relocation was
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given for every attribute. For example, females were given a positive relocation trend as
they are more likely to relocate than males (Choi, 1996); thus, males received a negative
relocation trend (see Table 3.5). The result was a relocation probability for every AT,
ranging between zero and one after a normalisation was conducted.
In Research Question I, it was also established that social network and age had a major
impact on the relocation. As a weight, age was added, because age was established to
be another important factor regarding relocation. The elderly were put into three age
groups, and weights are added to the different groups. Younger elderly (age 71) were
more likely to move, while older elderly (age ¡ 79) rarely moved. The elderly who were
71  79 years old had a neutral weight (see also Choi, 1996). The approach provides room
for more detailed groups. For example, the smaller peak of relocations at age 73 as shown
in Figure 2.2 was not included in the age weight but could be included later. Furthermore,
the size of the social network was added as extra weight to individualise the relocation
probability for every agent.
Thus, contrary to other approaches (Buchmann et al., 2016), the relocation of the elderly
was not based on triggers but was probability based. The overall relocation probability
of every agent is based on the base relocation probability derived for every AT. The
base relocation probability was based on the AT attributes. However, the individuals’
relocation probability is also influenced by the weights, based on their age and if there
were any connections left in their social network.
Derive social network (M3c): The social network was based on the attributes of
the agents and was derived in a simplified approach with opportunities for future specification regarding behaviour in Chapter 4. Married elderly, for example, have one additional
connection in comparison to single elderly. Furthermore, females typically have larger
networks (Litwin, 1995). In the end, the size of the social network was appointed to every
AT to individualise the relocation probability for every agent. During the run-time of the
simulation the size of the social network changed due to moving and dying agents.
Upscaling to a non-spatial artificial population (M4): Because the ATs do not
represent the entire population, an upscaling was necessary to represent a bigger proportion of the population. The upscaling could be used to represent the entire population as
well (Smajgl and Barreteau, 2014); however, due to computational limitations, 20% of the
real population was reproduced as an artificial population. The ATs were implemented
related to the number of observations in every cluster regarding all observations in the
dataset.
Assessment of the non-spatial artificial population (M5): The resulting ATs
and their behaviours were assessed with a quality measure, based on the expectations
from expert interviews, census data and a literature research. Due to small discrepancies
between the real population and the artificial population, three ATs were added to the
eight based on clusters, which led to 11 ATs. In the same step, the resulting ABM and
the behaviour rules were discussed with the project partners and in an expert workshop,
in which preliminary results of the ABM were discussed. In the expert workshop, it was
again recommended to include the social network.
Upscaling to a spatial artificial population (M6): As the DEAS dataset did not
provide a spatial location, the non-spatial ATs needed a spatial unit (SU). Therefore, a
spatial microsimulation was conducted as described in Chapter 3 with the ER dataset
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following (Lovelace et al., 2014). This was done with the attributes that occurred in both
datasets, which were age, gender and marital status.
Assessment of the spatial artificial population (M7): For the assessment of
the output of the model, the real population distribution was compared to the artificial
population distribution. In most areas, the deviation was small, which signified a good
representation of the real elderly population of Berlin. In the end, the agents had a SU
and behaviour rules.
Conclusion of Research Question II : The approach to derive the ABM was described in as much details as possible (see also Chapters 3 and 4) based on the framework
by Smajgl and Barreteau (2014) to make the derivation of agents, agents’ attributes and
behaviour rules transparent and reproducible for others. Reproducibility is necessary to
induce confidence in the model (Crooks et al., 2008) and to provide scientific worth. In
conclusion, the resulting agents derived in the above-mentioned steps were reasonable and
could be used directly as a basis for an empirically grounded ABM. It also helped in
creating understanding of the ageing and diverse population of Berlin. The empirically
grounded approach provided an artificial population, which forms the basis of an ABM
that can model the urban dynamics of a diverse elderly population. Furthermore, the population can be used for other modelling approaches (e.g. cellular automata or a spatial
microsimulation) and could be adapted to other cities. In the end, it can be concluded
that a mixed-method approach with the combination of different datasets, literature, expert interviews and an expert workshop made it possible to derive the diverse elderly
population with their relocation behaviour rules.

5.1.3. Research Question III
How does one simulate the spatio-temporal distribution of a diverse elderly population
with an empirically grounded ABM? The results from Research Questions I and II were
combined and implemented in the ABM to answer Research Question III and target the
overall aim of the thesis research. This process is described in more detail in Chapter 4.
The most important step for modelling the spatio-temporal distribution of the elderly
population was finding data. In the end, the resulting agents and behaviour rules were
based on two surveys, census data, expert interviews, literature analysis and an expert
workshop.
Before the simulation could be started, three sub-models were added. The different submodels together with the relocation behaviour derived in Research Question II led to the
resulting ABM. The first sub-model defines how the elderly chose their new location (the
moving-to decision) after they moved out of their current location based on the relocation
probability. New locations are chosen with the parameters ‘size of the neighbourhood’,
which the agent considers, and the ‘number of agents with the same AT’. The second
sub-model determines when agents die and, thus, leave the model. The mortality was
based on data provided by the Statistisches Bundesamt (2014) and was dependent on age
and gender. The older an agent becomes, the higher the mortality rate. If an agent died,
all connections to others were removed, which influenced the size of the social network.
The third sub-model defines how many new agents are implemented at every time-step
and in which SU they start. The number of new agents was another sub-model and was
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based on the average number of 65-years-olds in Berlin and is derived based on data by
the StatIS-BBB (2017). The agents are implemented with their ATs and SUs.
An important step in modelling a diverse population were the weights, derived in Research Question II, which individualises the relocation probability. Through the mortality
and the moving-to sub-models, the agents were further individualised. Contrary to other
approaches (Fontaine et al., 2014; Rounsevell et al., 2012), the elderly were not treated as
a single group with the same behaviours. This is even more important given the results
from Research Question I, which showed that the elderly have different relocation willingness dependent on their age. Therefore, it is not feasible to treat “the elderly” as one
group with the same goals and behaviours.
After the model with its sub-models was implemented, the simulation was run, and the
emergence of the model was assessed. Assessment is an important step in establishing
the reliability of a simulation (An et al., 2020). However, the assessment of the results
presents a challenge because a known problem in developing an ABM is an insufficient
empirical foundation (Haase et al., 2010). One way to evaluate the output of the model
was to compare the resulting artificial population attribute distribution after six time-steps
with the real population data from the ER of the same year 2020 (StatIS-BBB, 2017).
The approach aims to estimate how well the model represents the real population (Manzo
and Matthews, 2014). The resulting artificial population overlapped well with the real
population (see also Table 4.3). However, some attributes of the artificial population were
over- or under-represented. The biggest discrepancy was for the age groups 6569 ( 7%)
and ¥90 (6%). This could also be caused by already existing discrepancies after the
upscaling of the ATs in the previous step. Nevertheless, the overall artificial population
was a good result for the modelling process and induced confidence regarding the model.
Another approach to assess the emergence of the model was a sensitivity analysis with
changing parameters (Ligmann-Zielinska et al., 2014). For the sensitivity analysis, the
parameters, which define how the agents chose their new location after relocating in the
moving-to sub-model, were changed. They included the size of the neighbourhood an
agent considers and the number of agents with the same AT in a specified neighbourhood.
The weights for the age and the social network were changed as well.
For the sensitivity analysis, the change of the spatial distribution of the agents was
measured with a segregation index (H-index). This index measured how heterogeneously
the agents were distributed (for more information, see Reardon and O’Sullivan, 2004). Due
to changing parameters in the sensitivity analysis, the segregation changed. Measurement
of the spatial distribution with the segregation index was also done by Crooks (2010) and
described in Grimm and Railsback (2012). The segregation index remained consistently
low, which indicated a robust model but no aggregation of agents with the same AT.
This corresponded with expectations. Another output was the assessment of changes in
the overall proportion of relocations. The proportions of relocations were compared to
the real proportion of relocations in Berlin, based on the GOiB survey. The proportion
of relocations was stable at around  50%, which corresponded with the GOiB survey
results. All in all, the simulation results along with the sensitivity analysis indicated the
model was robust independent of the parameters used.
In the end, a model was built which was grounded on empirical data. It was suitable to
reproduce the elderly population of Berlin and their spatial behaviour. Even though the
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behaviour rules were grouped as one base relocation probability per AT, it was still possible
to adapt the base relocation probability with weights for a more individual behaviour.
The resulting model was able to reproduce the number of relocations and is suitable to
analyse the patterns of the resulting elderly population based on various assumptions for
parameters that include different levels of importance for the network of the elderly and
their age.
The model developed in this thesis research can represent the complexities of a diverse
human population due to the different sub-models and the social network, contrary to
other approaches (An et al., 2020; Silverman et al., 2011). For example, the movingto sub-model took the local conditions and possible involvement in the local community
into account, as the elderly prefer to interact with people with the same background
(Deutscher Bundestag, 2016). This follows Crooks (2010) and Schelling (1971), who also
included mild preferences in his model. The results of this approach were robust and the
artificial population showed good overlap with the real population. It could be concluded
that sub-models needed to be added after deriving ATs and their behaviour rules to make
the model more reliable and to define how the elderly chose a new location. A sensitivity
analysis was a good approach to evaluate the output of the model. The approach derived
for this thesis research was transparent and could be implemented by others. In this
thesis research, the spatio-temporal distribution of the diverse elderly was derived with an
empirically grounded ABM with related behaviour rules.

5.2. Conclusion
This thesis aimed to simulate the spatio-temporal development of the diverse, elderly
population in Berlin. The three core research chapters contributed to the understanding of
how to model and simulate the spatial development of an elderly population with diverse
backgrounds in Berlin. The approach was tied to already existing research regarding
models with scarce data and focused on the interrelation of different backgrounds and
their influence on relocation. Furthermore, the thesis provided insights on how to work
with scarce data, process data and provide a holistic picture of the target population.
Therefore, complex human decision-making can be reproduced.
Including heterogeneous behaviour into a model is of importance to exploit patterns
on a smaller scale (Buchmann et al., 2016). Furthermore, considering diversity leads to
better model performance and reproduces human behaviour (Brown and Robinson, 2006;
Buchmann et al., 2016). However, the modelling results need to be treated with caution, as
it is not a precise forecast of future development, but rather a first approach in modelling
diversity and testing the reliability (or robustness) of the model. It is also important to
keep in mind that no model can explicitly represent all of the factors that are relevant
to the relocation behaviour of households or individuals (Feitosa et al., 2011). However,
the resulting model still helps to derive tendencies regarding relocation behaviour and the
development of the spatial distribution.
One of the major improvements of this approach in comparison to other studies is the
broad range of methods that were implemented. Within the overall project of which this
thesis research was a part, two groups worked together, combining qualitative and quan-
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titative approaches. To derive the agents and model and assess the output, in addition
to the use of readily available datasets and literature research, the GOiB survey, expert
interviews, focus groups and an expert workshop were conducted. The ability to combine
different datasets with partial information made it possible to work with these multiple
sources with not enough variables. Insufficient datasets are a common challenge for empirically grounded ABMs (Bruch and Atwell, 2015). Thus, the model was enriched and made
more reliable with this additional information. Through the statistical analysis, it can
be concluded that the classical variables — social class, gender, age, and migrant
history –– were not sufficient to make general statements about the relocation behaviour
of older people. Therefore, in the next step, more attributes were selected to estimate the
behaviour.

5.2.1. Relocation behaviour of the elderly
As already mentioned, after conducting the statistical analysis, it could be concluded that
the classical variables were not sufficient to make general statements about the relocation
behaviour of older people. Other factors and their interrelations needed to be included,
as already implemented when using the variable social class and its influence on past
and future movement. Through considering several attributes for the derivation of the
behaviour rules of the ATs, a heterogeneous population can be represented. A special
focus is to derive a diverse artificial population in which the interrelation of different
attributes is implemented as previous research on the elderly was often focused on a few
variables (Enßle-Reinhardt, 2020).
Through weights for age and social networks, every agent receives an individualised
behaviour and the influence of other agents in the immediate environment has been taken
into account. The weights regarding the age and social network helped to take changing
behaviours of the elderly into account. Using only the base relocation probability for an
entire AT would not be sufficient, as it is necessary that the relocation probability adapts
and changes during the run-time of the simulation. In reality, a change in relocation
probability can be caused by the death of a partner, decreasing social network or increasing
age with accompanying fragility.
Studies suggest that the elderly tend to stay as long as possible in familiar surroundings,
which is easier if they have support (Rowles et al., 2003; Scharf et al., 2005). In contrast,
elderly individuals without any contacts in their immediate surrounding are more likely to
relocate; therefore, a higher weight is applied. This approach assumes that all connections
have the same weight and all connected agents have the same importance. It could be
feasible to give different connections (e.g., close friends vs. neighbours) different levels of
importance.
Following the GOiB survey, it can be concluded that the resulting number of relocations
was high, deviating from other results (see Oswald et al., 2013). Based on this result and
other studies (Teti et al., 2014; Zimmerli, 2019), the relocations of the elderly will not
decrease. Therefore, approaches need to be found to assist the elderly with relocation.
Otherwise, some elderly might not move due to the organisational effort. Especially in
Berlin, it is necessary to support the elderly to move out of their bigger flats, if desired, due
to a shortage of flats with more rooms. Thus, space can be provided for bigger households.
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The elderly are often living in flats that are too big; this can be seen in Figure 2.3, where
relocation into a smaller flat was the third most often mentioned reason for relocation.
Furthermore, cheaper flats need to be provided as high rents are an increasing problem in
Berlin. This might lead to the elderly remaining in their current (larger) flat due to its
cheaper rental contract (Holm, 2020). However, with this thesis research, novel insights
were revealed on how to derive behaviour rules for an artificial population without much
knowledge about existing diverse groups with similar behaviour.

5.2.2. Framework of the model for deriving an artificial diverse population
Following Smajgl and Barreteau (2014), diverse elderly agents were derived as artificial
populations (Figure 5.1). The framework helps to share experiences between modelling
teams and to make the approach transparent and reproducible (Smajgl et al., 2011).
Different approaches were combined that complemented each other and make the agents
and their behaviour more reliable. Contrary to the approach by Smajgl et al. (2011), it
was also shown how to embed agents in their environment and how to include a social
network because Enßle-Reinhardt (2020) had already stressed that environments for the
elderly, with persons that support their everyday lives, are increasingly important. This
is even more so when the classic support network in the form of family is less often able
to support everyday life due to geographical distance (Enßle et al., 2020).
Therefore, the social network of the elderly was included in the model. In this approach,
agents were connected to other agents to form a network based on spatial proximity
and the same AT. Spatial proximity was added as a factor as the key for age-friendly
communities lies in the immediate living environment (Baltes et al., 1999). In addition,
connections and exchanges with neighbours are important for the elderly. Therefore, it
was concluded that the social network would only be connected with other agents in the
neighbourhood. This follows Enßle-Reinhardt (2020) who concluded in her dissertation
that geographical proximity is a catalyst for the development of networks. However, due
to the implementation method, the actual size of the social network varied during the
runtime of the simulation. The basic idea of the social network is that the elderly are less
likely to relocate if they have some connections living close to them. The reason is that
they can be supported and are involved in the local community (Deutscher Bundestag,
2016).

5.2.3. Simulation and assessment of the diverse elderly population
In the last step, sub-models were added. Contrary to other approaches (Brown and Robinson, 2006; Buchmann et al., 2016; Fontaine et al., 2014; Rounsevell et al., 2012), this thesis
research focussed more on the behaviour that led to the elderly relocating from their current place of residence, instead of a focus on the selection of a new location. Therefore,
only a simplified moving-to sub-model was included, which could be further developed in
later approaches, if necessary. Usually, there are constraints, for example, where flats are
available and how much money can be paid for rent. This is especially the case in Berlin,
where rent has been increasing over the last few years, resulting in growing social conflicts
(Holm, 2020; Rink and Vollmer, 2019). However, Buchmann et al. (2016) put more focus

102

on their agents’ preferences and concluded that heterogeneous preferences did not improve
the models’ performance.
An approach to assess the output of the model in measuring the development of the
elderly population is examining the proportion of relocations, a comparison to the real
population and the segregation index. The outcome of the model showed that elderly
groups will likely be equally distributed in Berlin regarding their ATs. However, overall
low segregation is realistic as people usually cannot choose their location solely based
on their preferences regarding persons with the same socio-economic background alone.
Due to the equal distribution of elderly, city planners will need to establish city-wide
support. That means approaches need to be found to support a wide area with sufficient
infrastructure and support in everyday life. Another good result was archived with the
percentage of relocations as an assessment of the model quality. This enables comparability
to other models, as different researchers (see, among others, Brown and Robinson, 2006;
Buchmann et al., 2016) used the number or percentage of relocations as a quality measure.
Through the qualitative results provided by the project partners and literature research,
the behaviours and the model were enriched and made more reliable. With this interdisciplinary approach, a first step was taken to include people with diverse backgrounds into
a model. This also followed Levy et al. (2016), who argued that different backgrounds
and levels of knowledge should be taken into account to derive a more reliable model.
Furthermore, the knowledge obtained in this work is necessary, as urban politicians and
planners need to know older people’s plans to relocate and where they will be in the future,
to ensure that health care and social services are nearby.
In the end, a robust model was achieved with a reasonable outcome that shows the
development of the distribution of the elderly population within the city of Berlin. It
can be concluded that the resulting agents are reasonable and can be used directly as a
basis for an empirically grounded data-driven ABM. The approach can also be used for
other modelling types, like cellular automata or microsimulations. Moreover, due to the
data-driven approach (see Haacke et al., 2019, 2022), the model can also be used in other
cities if the data was available.
The derived model can help to understand the increasing diversity of an elderly population and can contribute to scientific and policy-related considerations. It can be concluded
that the model reflects the behaviour of the elderly population and the real development
of the artificial distribution regarding its attributes. In particular, the percentage of relocations was well reproduced. The approach provided a good basis for more detailed
behaviour rules and analysis that could be implemented in future work. Furthermore, the
framework for modelling urban dynamics with a mixed-method approach can be adapted
for modelling other cities with different datasets. Contrary to other approaches, as discussed in Enßle-Reinhardt (2020), spatial context was considered in the current work. The
spatio-temporal distribution of a diverse elderly population with an empirically grounded
ABM was derived, simulated and visualised in this thesis research.
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5.3. Limitations
Following other models (see Mokrech et al., 2011), no influx or outflux from or to other
areas was included. The approach to treating a city as an “island” has been criticised by
others (see Fontaine et al., 2014). However, relocation to and from Berlin can be specified
in a future approach. Additionally, in the year 2014, there was only a discrepancy of
0.15% of the elderly population who relocated outside of Berlin (StatIS-BBB, 2017).
It is likely that not all variables that lead to relocation were considered in the cluster
analysis. Nevertheless, the selection of parameters was a good basis that covered many
different backgrounds based on different studies and the GOiB survey. However, the
aggregation of data into ATs led to the loss of some information. The resulting ATs did not
represent households, but individuals, which was both an advantage and a disadvantage.
It is likely that households decide to move together. However, as nearly 50% of all elderly
are not married (StatIS-BBB, 2017) and more elderly will be living alone, it was feasible
to work with individuals.
Another aspect to point out is that there were no ATs included in the model that
represent the elderly who live in retirement homes or other forms of assisted living. One
of the reasons for this is that elderly who have already moved into a retirement home often
do not relocate again. In addition, the location of retirement homes are usually already
known to planners and some support for the elderly is provided. Furthermore, 85% of
all elderly who are 85 years old or older are living in their own household (Deutscher
Bundestag, 2016). Therefore, retirement homes could be included in the moving-to submodel. In general, it will be necessary to derive a more elaborate moving-to sub-model
in which the rent index, empty flats and more details regarding the preferred spatial
environment of the elderly are also included.
Furthermore, there is a large variation in the behaviour of people and different authors
tend to identify different causal factors as being important for explaining the processes
and outcomes observed (Janssen and Ostrom, 2006; Neumann et al., 2019); this can lead
to contradictions. It can be seen, for instance, that income can have a different meaning,
depending on the literature (Choi, 1996; Haacke et al., 2019; Smetcoren et al., 2017; Teti
et al., 2012). In the case of contradicting statements, the results of the GOiB survey were
used, because it analysed the behaviour specifically for the elderly in Berlin. It also has to
be kept in mind that attributes influence different persons in different ways (Böger et al.,
2017). This can lead to uncertainties in the estimation of relocation behaviour.
After the agents were derived, they needed to be located in space. During the spatial
microsimulation, some agents were lost due to insufficient weighting, as also described
in Lovelace and Dumont (2016). Furthermore, discrepancies were visible between the
artificial population and the real population. A reason for this could be the discrepancies
that were also visible in Table 3.2 regarding the attribute distribution of the artificial
population before upscaling, which also influenced the spatialisation of the non-spatial
agents. After the model was derived, the emergence had to be assessed mainly based
on the ER (StatIS-BBB, 2017), which was the only available official dataset on a small
scale. However, the dataset was used for assessing outputs and conducting the spatial
microsimulation.
On disadvantage with the analysis of the results is that it is difficult to fully assess
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the accuracy of the derived relocation behaviour of the agents due to missing data and
literature for comparison. Insufficient datasets are a common challenge for empirically
grounded ABMs (Bruch and Atwell, 2015).

5.4. Outlook
This thesis research has shown that a spatio-temporal model of a diverse elderly population
can be derived, even though only scarce data exists. The resulting approach contributes
to an improved understanding of urban dynamics in the context of diverse elderly. Furthermore, the model can be the basis for other research, for example, to derive human
behaviour with scarce data, or this model could be combined with the decision-making
process of a younger population. It also might be interesting to use the model to estimate the impact of Covid-19 on the elderly (Augustijn, 2020). Furthermore, thorough
network research of the analogous digital network of the elderly in combination with this
model might be useful to show how connected the elderly are and how well they cope
with increasing segregation or (spatial) isolation. How increasing digitization influences
the lives and social network of the elderly has also been briefly discussed by the Deutscher
Bundestag (2020).
Regarding the derived relocation probability, other factors, such as gender and education, need to be evaluated in detail in future studies because they show some tendencies
concerning willingness to move. It would be useful to analyse why people with certain
attributes are more likely to move than others and how different variables interrelate.
This can also be influenced by forced or voluntary movement (sometimes also called push
and pull factors). Aspects like increasing rent or movement into a barrier-free flat can
be categorised as forced relocation, while relocation close to friends or relatives is more
voluntary. However, many other factors cannot be uniquely assigned into forced and voluntary relocation because they influence groups with various backgrounds differently. It
would be interesting to expand on groups that moved mainly due to mainly forced or only
voluntary aspects.
The model can be improved by including more factors into the relocation itself and into
the process of choosing a new location. Among these, the rent index or retirement homes
could be additional factors. To test the segregation of the elderly as an entire group,
the younger population could be included as well. However, it would also be necessary to
include the spatial distribution and relocation of the people who are younger than 65 years
of age. Furthermore, research is necessary regarding social networks and neighbourhoods.
It needs to be established who is part of the network and who supports the elderly in
everyday life (see Enßle et al., 2020; Enßle-Reinhardt, 2020). As already mentioned, the
traditional structures are changing, and family ties are no longer the most important
part of everyday support (Enßle-Reinhardt, 2020). Additionally, the impact of official
institutions on relocation and belonging needs to be analysed.
It might also be useful to analyse the change of the spatial distribution on different
scales. Furthermore, the relocation to the outer areas of Berlin, for example, to Potsdam
(a city with 180 000 inhabitants close to Berlin) or other well-connected cities close to
Berlin are worth evaluating. It would also be interesting to investigate the reasons for
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relocation in countries where people mainly own their flat and thus are not affected by
increasing rents contrary to Berlin which is the city with the lowest house or flat ownership
rate in Germany (Statista, 2022).
It is also possible to use the GOiB survey or other survey data as a basis for a machine
learning approach that derives behaviour rules automatically, as has already been done
in other approaches (Abdulkareem et al., 2017; Augustijn et al., 2020; Rand, 2006). Machine learning approaches can also be used to change behaviours during simulation runs.
However, it is again problematic to find suitable micro-level data that represents human
behaviour and includes geographical information. Still, machine learning can be the first
step to make small datasets useful for ABMs (Abdulkareem et al., 2019).
In the end, it can be concluded that knowing the determining factors behind older
people’s willingness to relocate, their motivations and their preferred destinations is a
first step towards the creation of cities and communities that respect the manifold needs
and wishes of the diverse elderly. The aim is to provide liveable neighbourhoods for
all generations. The model derived in this approach provides a basis for more detailed
implementations regarding the behaviour of the elderly and their spatial distribution.
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Duso, T., Michelsen, C., Schäfer, M., and Tran, K. D. (2021). Durch Airbnb-Vermietungen
steigen in Berlin die Mieten. DIW Wochenbericht, 88(7):95–102.
Earnhart, D. (2002). Combining revealed and stated data to examine housing decisions
using discrete choice analysis. Journal of Urban Economics, 51(1):143–169.
Engstler, H. and Gordo, L. R. (2017). Der Übergang in den Ruhestand: Alter, Pfade und
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Qualitative Approaches and survey
Expert interviews
The expert interviews that were undertaken in the course of the project ‘Superdiversity
in an ageing city’ by the project partners (for more information regarding the procedure
see Enßle-Reinhardt, 2020). They helped to get a first estimation of the spatial relocation
behaviour of the elderly in Berlin.
Interviews were conducted in 2018 with 18 experts who were representatives from counselling centres, social meeting places and initiatives for elders in Berlin. We focused on
people who worked with the elderly with a diverse background, as they are not sufficiently
covered by the available data (e.g. there are only three elderly people in the DEAS dataset
with a background of migration). To reflect the diversity of the older generation, we selected interviewees working with clientele with different backgrounds regarding ethnicity,
migrant history, social class, gender, sexual orientation and bodily ability. The interviews
followed an open approach and comprised five overarching topics (leisure activities, challenges of the ageing process, social networks, intersectional ageing experiences and housing
conditions and motivations to relocate in later life). To understand motivations to relocate,
we specifically discussed older people’s attachment to place, the special needs of elders,
such as barrier-free flats, access to health care, social infrastructures and transportation,
reasons for relocation and the role of neighbourhood inclusion (Enßle et al., 2020; Enßle
and Helbrecht, 2020).
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Data
Our questionnaire comprised four thematic sections in total — (1) older people and society,
(2) social environment in later life, (3) changes with the end of work life, and (4) housing
in old age — and a section on sociodemographic data. For this article, we analysed data
from section (4) and the socio-demographic data (see section 2.6). To estimate if older
people plan to move in the future, we asked: ‘Do you sometimes think about moving
somewhere else?’ If this was answered positively, the following question was asked: ‘For
what reasons do you want to move?’ For the answers, we offered ten reasons, as well as
‘other’ (see Section 2.3). The questionnaire also asked about the most recent movement
and the reasons for it. If this most recent movement had happened since the person turned
60, it was included in the analysis as a past movement. As our analysis includes both,
plans to move in the future and past (accomplished) movements since a respondent turned
60, the term ‘willingness to move’ refers to accomplished as well as panned movements.
We do not differentiate whether the motivation to move was voluntary or forced.
We distributed 786 questionnaires in paper format and links to the online version via six
organisations (a mailing list for older Gays and Lesbians, a mailing list of Berlin seniors’
delegation, a centre for intercultural care in later life, a computer club, a mailing list of a
housing project, and a mailing list of Berlin’s community management institutions). Afterwards, we received 668 responses (475 online and 193 in paper format). This resulted
in a response rate of 24.5% for the paper format. The exact response rate of the online
version is unknown due to privacy issues pertaining to the organisation’s mailing lists.
After the exclusion of missing data and respondents younger than 60 years, our sample
includes 427 participants. Of the completed questionnaires, 143 were completed on paper
and 284 were answered online. Our sample comprised 279 female and 148 male participants, 374participants who were born in Germany and 45 participants who were not born
in Germany. In the following, we define people with migrant background as those who
were not born in Germany, regardless of their nationality. A total of 395 questionnaires
were completed in German and 32 in one of the languages mentioned above. The majority
of respondents belonged to the 65–75 age group (32% were 65–70; 24% were 70–75), 15%
were 60–65 years old, and about 8% were over 80 (7% were 80–85, 1% were 85–90, and
0.7% were above 90; see Table 2.1).
Table 2.1 shows a comparison of the sample from our questionnaire with population data
from the Federal Statistical Office of Berlin (ER) for those aged 60 and older (StatIS-BBB,
2017). Note that the Federal Statistical Office differentiates people with migrant background and Immigrants (nationality other than German and/or at least one parent without
a German nationality (StatIS-BBB, 2017). Our research does not distinguish between the
two groups and our definition of migrant background only includes elders who were born
in another country, therefore the number of People with migrant Background of the ER
population sums up the number of immigrants and people with a migrant background.
That means that an entire comparison of the two datasets is not possible. In comparison to former studies conducted in Berlin (Deutscher Altersuvey: SUF DEAS, 2014, see,
e.g.,), our sample adequately represents the older population of Berlin, particularly older
people with and without a migrant background. More females than males answered the
questionnaire. However, there is an underrepresentation of people over 80 years.
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For the cluster analysis, the DEAS from 2014 provided by the DZA (Deutscher Altersuvey: SUF DEAS, 2014) was used (Table 3.6 in the supplementary files 3.6). This
dataset is available for entire Germany at the county level. The data were used for Berlin.
The DEAS regularly assesses, for example, family background, social network, income,
household size and other variables concerning the elderly population in Germany. The
most recent dataset from 2014 was used. In this study, the elderly living in Berlin was
first selected and only the questions answered by more than 10 persons were considered
to obtain a meaningful estimated behaviour and create agent typologies. The relevant
attributes were selected with the help of expert interviews and literature research. In the
end, a dataset with 153 observations (elderly people ¥ 65 years) and 49 variables was
obtained. While this dataset contains extensive information on the diverse background of
the elderly, it does not contain any information on relocation behaviour, place of residence,
or any other spatial information.
Furthermore, the census data provided by the statistical office Berlin was used (StatISBBB, 2017). It provided information for the entire population of Berlin for different years.
The used describing variables are age, gender, marital status and the spatial unit.

Availability of scripts; output of the model and scripts; and data
Scripts Paper 2: How to derive spatial agents
https://github.com/HCHRF/Paper-how-to-derive-spatial-agents-with-scarce-data

127

