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Abstract: This work proposes a novel application independent heuristics specifying framework and a house-
hold structures construction process, for sample-free population synthesis. The framework decouples heuris-
tics and the algorithm by defining a set of generic constructs to specify heuristics on relationships and house-
hold structures. The algorithm uses Iterative Proportional Fitting, Monte Carlo sampling and combinatorial
optimisation to synthesise the population. Decoupled nature of the system allows it to be used in di�erent ap-
plications relatively easily by changing the heuristics. We demonstrate that this is a robust technique capable
of producing synthetic agent populations highly consistent to input data distributions using two case studies.
Apart from contributing to synthetic population reconstruction, this work will form one of the building blocks
for integrating independently developedmodels to build complex new agent basedmodels.

Keywords: Agent-Based Modelling, Synthetic Population Reconstruction, Heuristic Population Construction,
Sample-Free, Integrating Models, Iterative Proportional Fitting

Introduction

1.1 Agent Based Simulations (ABSs) have evolved from simple early applications such as Schelling’s segregation
models (Schelling 1971) to very complexdecision support systems likeMATSim (Raney&Nagel 2006) thatmodel
thousands of intelligent agents. The strength of ABSs is their ability tomodel phenomena that emerge through
agent interactions, which cannot be represented in alternative methods like mathematical modelling. Ad-
vances in computational power and modelling techniques have enabled constructing large scale ABSs from
the ground up and also by combining existing modules (Dahmann et al. 1998; Singh & Padgham 2014).

1.2 In any agent basedmodel, specially in social simulation, obtaining a synthetic population that accurately repre-
sents theunderlying realpopulation is very important. The syntheticpopulationhas toconformto theobserved
person and household distributions and also have realistic household structures and person relationships. The
research in synthetic population reconstruction can be grouped either asmethods that use disaggregated sam-
ple data (microdata) (Beckman et al. 1996;Williamson et al. 1998) or application specific heuristics (Barthelemy
&Toint 2013). The sampledatabasedapproaches areunsuitable for constructing synthetic populations inmany
applications, due toprivacy related restrictions anddataunavailability. The current heuristic basedapproaches
are also restricted in general applicability due to the tight coupling between the population specific heuristics
and the algorithm. Thismakes themvery hard to extendwith newproperties even for the samepopulation and,
inmodular based agent basedmodels, limits the ability to extend an existing composition ofmodels by adding
new ones.

1.3 Thework presented in this paper is part of a project thatmodels the evolution of housing choices inMelbourne,
Australiawith respect to the changinghousehold family structures and transport needs. Theagentbasedmodel
for this project can be developed in twoways: developing amodel ground up in the traditional fashion or com-
bining existing agent basedmodels asmodules to build a newmodel. The latter is particularly interesting given
the availability of previously developed models, for instance, housing market models, such as Ettema (2011),
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and transport simulators, such as MATSim (Raney & Nagel 2006). Either way, one would have to face the same
problem of constructing the initial agent population by merging data from di�erent sources. In the traditional
ground up model development, generally, the data comes from di�erent surveys (e.g census) and in the com-
ponent based approach the component models would serve as di�erent data sources from the point of view
that they are di�erent representations of the same conceptual population.

1.4 In the context of the project, it is important that there are realistic human relationships and household struc-
tures in the synthesised population and its household distribution matches the input household marginal dis-
tributions as closely as possible, while maintaining a reasonably accurate marginal distributions for persons.
Secondly, the population synthesis techniquehas to be able to accommodate newperson andhousehold prop-
erties relatively easily, should the ABS be extended in the future.

1.5 The work presented in this paper progresses ABS technology by proposing a novel application independent
heuristics based synthetic population construction methodology that does not rely on disaggregated sample
data. The main contributions of this work are:

• A generic heuristics specification framework for synthetic population construction.

• An application independent population construction procedure based on the proposed heuristics speci-
fication framework.

To the best of our knowledge, the heuristic specification framework is the first of its kind to appear in the liter-
ature.

1.6 The proposed framework provides constructs to record heuristics related to group structures, which specify
expected agent configurations in household structures, and links between agent entities, which specify legal
relationships between persons. The population construction process consists of three stages: obtaining a joint
distribution bymerging input data distributions, constructing an initial estimate of the population usingMonte
Carlo sampling and improving the solution with hill climbing optimisation.

1.7 We illustrate the approach using two examples, one illustrates the scenario of obtaining a merged population
when integrating two existing agent basedmodels and the other obtaining theMelbourne synthetic population
using Australian census data. We also compare the results of the proposed algorithm to well-known Iterative
Proportional Updating (IPU) (Ye et al. 2009) based population synthesis method. Our experiments show that
the proposed approach produces superior results than the IPU basedmethod.

Background

2.1 Current work on population synthesis primarily relies onmicrodata to obtain an agent population using aggre-
gated (marginal) data distributions. These methods can be mainly categorised as deterministic re-weighting
based (Beckman et al. 1996) or combinatorial optimisation (Williamson et al. 1998) basedmethods. While there
are several sample-free techniques in the literature they are yet to be widely adopted.

2.2 Iterative Proportional Fitting (IPF) (Deming & Stephan 1940) is a widely studied deterministic re-weighting
technique in population synthesis. It takes a set of marginal distributions of the same aggregation level and a
microdata sample (seed) from the underlying population and iteratively adjusts (re-weights) the seed to obtain
a joint distribution of the marginal distributions. The population is generated by sampling from the microdata
sample probabilistically according to the resulting joint distribution using it as a weight matrix (Beckman et al.
1996). An important aspect of IPF is obtaining a seed that correctly represent the underlying population, be-
cause person and household types not represented in the seed are also not represented in the synthesised
population, which is known as the zero-cell problem. A common practice is assigning small positive values to
incorrectly zero cells. Lovelace et al. (2015) show that IPF produces satisfactory results a�er 10 iterations if the
seed has non-zero values for all the required cells, regardless of the magnitude of the value.

2.3 Iterative Proportional Updating (IPU) (Ye et al. 2009) is another, relatively new, re-weighting technique that
can produce a joint distribution from marginal distributions of two di�erent aggregation levels, for example,
person and household distributions. The algorithm works by iteratively adjusting the initial weights from the
sample tomatchbothaggregation levels. For IPU, theauthors proposehandling the zero-cell problemby taking
a sample of amuch larger area than the area of interest, because such a sample is likely be a richer representa-
tion of the household configurations of the population than a small area sample, thus having fewer false zero
cells. The zero-marginal problem is avoided by assigning a small positive value to all zero margins. The final
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population is generatedbysampling fromthemicrodataaccording to the IPUweightsmatrix, usinganapproach
similar to Beckman et al. (1996).

2.4 Combinatorial Optimisation techniques also take two marginal distributions at person and household levels
and a sample of household instances from the underlying population. The household instances in the sample
are cloned to obtain an initial estimate of the population and successively improved against an objective func-
tion using a combinatorial optimisation method like simulated annealing and hill climbing (Williamson et al.
1998; Ballas et al. 2003; Namazi-Rad et al. 2014). Apart from the dependency on sample data, similar to above
re-weighting techniques; loss of heterogeneity due to repeated cloning from household samples is another
drawback of these methods (Farooq et al. 2013).

2.5 Other sample based population synthesis techniques proposed in the literature include GREGWT, a generalised
regression and re-weighting technique (Tanton et al. 2011) used at the Australian Bureau of Statistics, Hierarchi-
cal IPF (Kirill & Axhausen 2011), for synthesising populations using distributions at di�erent aggregation levels,
a Gibbs sampler with Markov Chain Monte Carlo simulation (Farooq et al. 2013) and producing amerged popu-
lation with Quasirandom integer sampling Smith et al. (2017).

2.6 Theabovemethods assume the availability of a disaggregateddata sample,which is not the case inmanyappli-
cationseitherbecauseofprivacyconcernsordataunavailability. The latter is thecasewithmergingagentpopu-
lations fromdi�erent simulationmodels because there is no common agent sample that represents all compo-
nent simulations (Wickramasinghe et al. 2017). Alternative methods proposed in the literature circumvent the
need of sample data by employing heuristics to infer person relationships and household structures (Huynh
et al. 2016). Additionally, Ye et al. (2017) show that populations can be synthesised without a sample given that
joint marginal distributions with su�iciently overlapping characteristics (attributes) are available as inputs at
the same aggregation level (either person or household level).

2.7 Theoretically, a heuristic approach can be devised to generate all the household configurations, by taking com-
binations of person and household types, and use samples from them to generate a synthetic population con-
sidering person and household level marginal distributions. In practice, however, as the number of person and
household types increases the number of household combinations also grows exponentiallymaking it compu-
tationally infeasible. Our initial experiments of this approach with 104 person types and 10 household types
(Case study 1) failed to complete even a�er 48 hours on a super computer with 1TB RAM and 14× 2.6 GHz cores.
Gargiulo et al. (2010) have also reached similar conclusions in their experiments for Auvergne, France.

2.8 Intelligentheuristic search techniquesgenerally startwithapoolof emptyhouseholdsadhering to thehouse-
hold level marginal distribution and a pool of persons adhering to the person level marginal distribution. Then
household instances and suitable persons for them are sampled from corresponding pools without replace-
ment according topopulationheuristicsdescribingperson relationships andhousehold structures (Barthelemy
& Toint 2013; Huynh et al. 2016). Another method is forming households by selecting persons probabilistically
frommarginal distributionsbasedon theheuristics derived fromhousehold compositions (Gargiulo et al. 2010).
Amajor limitationof thesepopulation constructionprocedures is theyare interleavedwith theheuristics,which
are application specific, thus not easily transferable to a di�erent application. The solution here is developing
a new population synthesis process for every new application. This becomes even more cumbersome when
integrating di�erent ABMs. We address this problem by proposing a generic heuristic framework for synthetic
population construction.

2.9 The remainder of the paper is as follows. The next section formally describes the proposed framework and the
population construction procedure. Then we discuss two case studies and their results. The first of the two
demonstrates merging agent populations from two agent based simulations from the literature. The second
case study discusses constructingmerged populations using the Australian census data and compares it with a
population generated using IPU approach. The paper concludes with a discussion on the proposed approach.

Methodology

3.1 In thiswork,weuse IPF tomerge the inputdatadistributionsandproposeusinganabstract seedof 1s (indicating
cells that can have agents) and 0s (indicating cells that cannot have agents) instead of an actual disaggregated
data sample. This merged distribution is used to obtain a conditional probability distribution, which is used
for constructing group structures with Monte Carlo sampling. The constructs specified in the framework en-
sure that group structures are legal, and all the relationships are represented according to the heuristics. The
outcome of this process is an initial estimate of the population. The estimate is improved using a hill climb-
ing approach to produce the final population. Due to the dependency on IPF, the proposed approach expects
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marginal distributions to be converted to the same aggregation level. Here we propose getting the number of
persons in di�erent household types bymultiplyingwith household size. The proposed heuristics specification
framework, however, does not have this limitation.

3.2 A significant part of the proposed framework is framing the heuristics based population construction problem
in amanner that allows specifying a series of generic formalisms capable of recording heuristics from di�erent
applications. Benefits of this approach are twofold, a) providing a unified interface for recording heuristics
b) allowing to design a generic population construction algorithm that depends on the specified formalisms
instead of the particular application heuristics. In this section, we first discuss the formalisms of the framework
and then present the group construction process.

Framework

3.3 The data we obtain from di�erent sources are binned distributions, each referring to some aspect of the syn-
thetic population, for instance, the distribution of the number of persons by gender and the distribution of the
number of persons by household sizes. We call them characteristics of the population, and there can be any
number of characteristics in a population.

Definition 1. Given a synthetic population has n di�erent characteristics, the set of all the characteristics (C) is
represented as:

C = {C1, C2, ..., Ci, ..., Cn}

whereCi is the i-th characteristic of the population, 1 ≤ i ≤ n and i, n ∈ Z+. Z+ is the set of positive integers.

3.4 Each characteristic consists of multiple categories, or bins. For example, male and female are the two cat-
egories of gender distribution and 1-5, 6-10, ... are the categories of age distribution. There can also
be joint distributions, for example, a distribution of the number of persons by age and gender. males in age
12-20 and females in age 21-25 are two example categories from the above joint distribution.

Definition 2. GivenCi represents the ith characteristic, the relationship betweenCi and its categories are rep-
resented as:

Ci = {ci1, ci2, ..., ci|Ci|}

whereCi ∈ C and |Ci| is the total number of categories of characteristicCi.

3.5 The framework divides characteristics into agent level characteristics and group level characteristics. The agent
level characteristics capture concepts represented in agent entities, such as the distribution of the number of
persons by gender, where gender is a concept represented in a person (an agent entity). Group level character-
istics capture concepts represented in group structures, such as the distribution of the number of persons by
household size, where household size is a concept represented in a household (a group structure). Note that
this division depends on the concept captured in the characteristic, or distribution, not on the counting unit
of the distribution. For example, the distribution of the number of persons by household size is a group level
characteristic though, the counting unit is the number of persons. The set of agent level characteristics and the
set of group level characteristics are defined as mutually exclusive sets.

Definition 3. Given {C1, C2, ..., Cd} is the set of agent level characteristics and {Cd+1, Cd+2, ..., Cn} is the
set of group level characteristics, following holds true.

{C1, C2, ..., Cd} ∩ {Cd+1, Cd+2, ..., Cn} = ∅

and
{C1, C2, ..., Cd} ∪ {Cd+1, Cd+2, ..., Cn} = C

where d < n and d, n ∈ Z+.

Agent types

3.6 An agent type is a categorisation of agents based on the properties of agent’s state. Each property relates to an
agent level characteristic and the value assigned to the property is one of the categories of the characteristic.
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The proposed framework defines an agent type as a tuple of categories each describing a property of an agent’s
state that relates to one of the agent level characteristics. There is a category in an agent type for each agent
level characteristic represented in the population. An example of an agent type is (Male, Married, age
26-30). Male is a category from gender distribution characteristic, Married is a category frommarital sta-
tus characteristic and age 26-30 is from age characteristic. The set of all agent types in the population can
be obtained by forming combinations by taking one category from each agent level characteristic.

Definition 4. The set of all agent types (A) is given by the Cartesian product of the categories of all the agent
level characteristics in the population.

A = C1 × C2 × ...× Cd

i.e.
A = {(c1, c2, ..., cd) : c1 ∈ C1, c2 ∈ C2, ..., cd ∈ Cd}

given {C1, C2, ..., Cd} is the set of agent level characteristics with d < n and d, n ∈ Z+.

3.7 In this document we use a to represent an agent type in a succinct format, i.e a ∈ A and a = (c1, ..., cd).
Furthermore, α represents an instantiated agent.

Links

3.8 A link is a representation of a relationship between two agent entities or persons. Understanding the links that
an agent can form with other agents is important for reconstructing group structures. In this framework we
propose a set of structured constructs for recording heuristics on links that agents can form depending on the
agent’s type. The idea here is enabling the formulation of an algorithm that forms groups based on constructs
proposed in the framework rather than application specific heuristics. This allows using the proposed system
ondi�erent applications only by changing the heuristics, whereas current heuristic approaches in the literature
would require implementing a system from the scratch.

3.9 We define a link as a labelled and directed edge between two agent nodes (as in graph theory). For example,
the relationship between a mother (w1) and a child (o1) is represented as “w1 is the mother of o1” from the
mother’s point of view. The same conceptual relationship from the child’s point of view can be described as
“o1 is the child ofw1”. Here parent of and child of are the two links. In reference to terminology the
agent that forms the link is called the reference agent and the agent that the link is formed with is called the
target agent. Formally,

Definition 5. A link is an ordered triple of a reference agent instance (αr), a link (λ) and a target agent instance
(αt):

(αr, λ, αt)

where, αr 6= αt

3.10 There are di�erent types of linkswith di�erent properties in a population. Herewe are interested in the number
of links, of a given type, that an agent can form. For example, a person can have up to two child of relation-
ships, one with a mother and the other with a father. However, a young child is assumed to have at least one
child of relationship with a mother or a father. In these situations, the framework proposes defining di�er-
ent link types for all the variations. For example, we can define two link types asAdultChildOf relationship,
where minimum zero and maximum two relationship instances are expected, and YoungChildOf relation-
ship, whereminimumoneandmaximumtwo relationship instances are expected. Theproperties of a given link
type are its name, the number ofminimum link instances that an agentmust have and the number ofmaximum
links that an agent can have.

Definition 6. A link type is an ordered triple of a link name (link_name), a minimum number of links (min)
that an agentmust form from the link type and amaximumnumber of links (max) that an agent can form from
the link type, represented in the following format.

l = (link_name,min,max)

The set of all link types in the population is represented byL, (l ∈ L).

JASSS, 22(1) 5, 2019 http://jasss.soc.surrey.ac.uk/22/1/5.html Doi: 10.18564/jasss.3844



3.11 Knowing the links that an agent can form with other agents is a major part of reconstructing realistic group
structures. Traditional approaches predominantly depend on group structures in sample data to generate real-
istic groups in the synthesised population (Ye et al. 2009; Namazi-Rad et al. 2014). However, when sample data
is not available we have to rely on population heuristics (Gargiulo et al. 2010; Huynh et al. 2016). The central
idea in the proposed framework is constructing groups based on heuristics on the types of relationships that
an agent of a given type can form.

3.12 A Link rule is a construct proposed in the framework to record relationship heuristics between agent entities
in a generic manner. A link rule consists of a reference agent-type (ar), a link type that agents of the reference
agent-type can form and a set of target agent-types (B), fromwhich an agent is selected when forming a link of
the given link type. Multiple link types of the same reference agent type are represented by specifyingmultiple
link rules. For instance, wemay have to specify three link rules for (married, male, age 26-30) agent
type, for married to, parent of and child of relationships. If an agent type does not form some rela-
tionships, they are undefined in the link rules. For example, married to relationship of a single person is
undefined. The proposed algorithm does not form the links that are not defined in link rules.

Definition 7. Link rules (RL) applied on a population are a set of ordered triples each with a reference agent
type (ar), a link type (l) and a set of target agent types (B).

RL = {(ar, l, B) : ar ∈ A,B ⊆ A, l ∈ L}

3.13 The link rules describedhere are flexible enough todescribe linksbetweenany twoentities. They canbehuman
relationships, the adjacency of plant types in a forest or any other type of relationship. For example, given that
the partner of a married male must be in the same age category or one below, the marital link rule for (Male,
Married, age 26 - 30) persons would need to specify that they can form only one marital relationship
with another person from (married, female, age 21 - 25 or 26 - 30) categories. The formal link
rule can be represented in the following manner. Here we represent the link type with its name.
(

(married, male, age 26− 30),
marital,
{(married, female, age 26− 30), (married, female, age 21− 25)}

)

Group

3.14 A group is a coherent entity formed with a subset of agent instances in the population filtered based on agent
properties and links betweenagents. In the simplest form, groups canbe constructedby selecting agents based
on some property, for example, the set of all male agents. A relatively more complex group is a couple family
householdwith two children, which is constructed based on both agent properties and links between the pairs.
The group can have a male adult and a female adult who are married and two female children, whose parents
are the two adults.

Definition 8. A group (γ) is an ordered tuple of a set of member agent instances (Ω) and a set of link triples
(Λ) describing all the links betweenmember pairs:

γ = (Ω,Λ)

The links between member agent instances are represented as (αr, λ, αt) ∈ Λ, where λ is the link formed by
agent instance αr with agent instance αt and αr, αt ∈ Ω.

Group type

3.15 Group type is a categorisation of groups based on agent composition, agent types and/or relationships among
agents in a group. An example of a group type is eight member households, which describes households of
eight persons. Another example is couple family household with children, which categorises households based
on agent types and agent relationships. In the proposed framework a group type is represented as a tuple of
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categories selected from group level characteristics. The set of all group types in a population can be obtained
by forming combinations by taking one category from each group level characteristic.

Definition 9. The set of all group types (G) in the population is given by the Cartesian product of all the group
level characteristics.

G = {Cd+1 × Cd+2 × ...× Cn}

i.e.
G = {(cd+1, ..., cn) : cd+1 ∈ Cd+1, ..., cn ∈ Cn}

given {Cd+1, Cd+2, ..., Cn} is the set of group level characteristics with d < n and p, n ∈ Z+.

3.16 As agent level characteristics and group level characteristics are mutually exclusive sets, according to defini-
tion 3, agent types set and group types set in a population are also mutually exclusive sets.

A ∩G = ∅

Group rules

3.17 A group rule determines the group type of a group based on the composition of agents and agent links. One
way of achieving this is defining a group template that represents the expected agents and the links compo-
sition of the group type, and matching a given group instance to the template. If the group’s composition
matches with the template, we can determine that group’s type is what is represented by the template. How-
ever, this approach becomes expensive because in most real-world populations there are multiple group tem-
plates for a given group type. For instance, though the basic expected composition of a couple family
with children group type is one child living with two parents, it is normal to have more than one child
in a family, thus requiring to define multiple templates depending on the number of children in a family. The
number of templates increases evenmorewhen considering di�erentagent types that canbe in a family. For in-
stance, as age categories of parents and children vary across di�erent families there need to be templates for all
the di�erent combinations. Defining all the templates in a population extremely di�icult because the number
of templates grows exponentially as more categories and characteristics are introduced to the population.

3.18 Instead of defining complete group templates with all the categories of agent and group level characteristics in
the population we propose determining the group type based on important features that only relate to cate-
gories of group level characteristics. A feature is a unique instantiated combination of agents and links that
represents a category of a group level characteristic in a group instance. For example, if we take couple
with children family as a category of the distribution of family compositions characteristic, the fea-
ture representing it is two Married persons with marital relationships between them and one Childwith
parental relationships with the two parents. This can be extended to determine the type of a group by com-
biningmultiple categories, as well. For example, 3 person, couple family household group type is
identified based on two features because there are two categories in the group type. The first feature is having
threemembers in the group and the second is two of thembeingmarried persons (the two belong toMarried
agent type and there is a marital relationship between them). The mapping between a feature and a group
category can be represented with below bijective heuristic function. This specifies that there is a heuristic to
map a category of group level characteristic to a unique agents and links composition in a group, and the same
heuristic can also be used to map an agents and links composition to the corresponding category.

Definition 10. There is a bijective heuristic function that maps each group level category to a feature.

hk : ck ↔ fk

where hk is a heuristic function, fk is the feature of category ck(ck ∈ Ck) andCk ∈ {Cd+1, Cd+2, ..., Cn}.

3.19 Based on definition 9, which defines that a group type is a tuple of categories, each selected from a group level
characteristic, and the above definition of features (definition 10), we can derive that for each group type there
is a unique tuple of features. Each of these mappings is called a group rule. A population consists of multiple
such group rules, mapping each group type to a unique feature tuple and vice versa.

Definition 11. Group rules (RG) in a population are represented as a bijective function that maps the set of
group types (G) to the set of feature tuples (F ) and vice versa.

JASSS, 22(1) 5, 2019 http://jasss.soc.surrey.ac.uk/22/1/5.html Doi: 10.18564/jasss.3844



Given hk : ck ↔ fk

RG : (cd+1, cd+2, ..., ck, ..., cn)↔ (fd+1, fd+2, ..., fk, ..., fn)

RG : G↔ F

where,
G ∈ g, g = (cd+1, cd+2, ..., ck, ..., cn)
F ∈ f̄ , f̄ = (fd+1, fd+2, ..., fk, ..., fn)

3.20 We further define a function (Q) that uses the above defined group rules to determine the group type of a given
group instance. The function identifies the features in the group and returns the corresponding group type. If
the group has none of the defined features, its group type is undefined.

Definition 12. The function (Q) takes a group (γ) and the group rules (RG) as input and returns the group type
(g) of the input group.

Q : γ,RG → g

Link Conditions

3.21 In this section, we discuss dependent links that may need to be formed as a result of forming another link. For
example, in a human population, a marital relationship between two persons (m1 and w2) can be formed by
markingm1 ismarried tow2 basedon link rules. Whendoing thatwe also have tomark thatw2 ismarried
tom1 to make the state of the family complete. Forming this second married to link is a condition of first
married to link. Similar link conditions can be observed when forming housing complexes by grouping
housingunits, for example,marking twohousingunitsadjacent toeachotherwhenadding themtoahous-
ing complex.

3.22 There canbe evenmore complex link conditions. Consider thatwe are probing for other relationshipsm1 agent
can form in above example andwe have determined thatm1 can have a child (o2). Apart fromparent of and
child of relationships betweenm1 and o2 agents, o2 also have to form a child of relationship with w2

to maintain consistency of the family structure. Here, forming the latter link is conditioned by existing (m1,
married to,w2) link.

3.23 Link conditions provide a mechanism to maintain the consistency of a grouped population by forming the de-
pendent links. In theproposed framework,we capture link conditions as a series of user defined transformation
functions applied on a group. The structure of a link condition transformation function is as follows.

Definition 13. A link condition is a user definedheuristic transformation function (Φ) that transforms thegroup’s
state by forming dependent links in response to a newly formed link between two agents (αr and αt) in the
group (γ).

Φ : γ, (αr, λ, αt)→ γ
′

where γ = (Ω,Λ), Λ represents existing links of member agents (Ω) in the group (γ) and triple (αr, λ, αt)
represents the new link (λ) formed byαr with new agentαt. γ

′
is the transformed state of group γ a�er forming

dependent links between its agent pairs.

Constructing the population

3.24 The proposed population construction framework consists of two phases. The first phase is merging distri-
butions extracted from data sources using IPF, and the second is constructing groups based on the merged
distribution. The Figure 1 provides an overview of the proposed methodology. The first part of the figure is
the standard IPF distribution merging process. The IPF procedure takes two marginal distributions converted
to the same aggregation level, annotated with C1 and C2, and a seed matrix as inputs and generates a joint
distribution. If there are more than two distributions, though we have only shown two here, a multidimen-
sional implementation of IPF can used1. The grouping process takes a joint distribution from IPF and a set of
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Figure 1: Population construction overview

population heuristics via link rules, link conditions and group rules as inputs to produce group structures in the
population. The following sections describe the steps for constructing the merged population.

Obtaining themarginal distributions

3.25 The first step is to identify the important population characteristics that need to be included in the merged
population. For example, assume that three distributions of the number of persons by age, sex and relation-
ship status from a data source on agent level population characteristics and a distribution of the number of
persons by household size from a data source on household level characteristics are given. The objective is to
construct a populationbymerging thesedistributions in amanner that preserves the structural properties of all
the four input distributions. Ifmultiple characteristics are chosen from the samedata source it is recommended
to query them as a joint distribution to minimise errors introduced during processing. If the distributions are
frequencies of agents we convert them to probability distributions in preparation to run IPF on them. The rea-
son for this is converting all the distributions to a common scale.

Definition 14. The probability distribution of agents in all categories of characteristicCi is given by

P (Ci) : {∀ci ∈ Ci} → {x : x ∈ R[0,1]}, such that
∑
∀ci∈Ci

P (Ci) = 1

where Ci is the i-th characteristic of a population of n characteristics (i = 1, ..., n; i, n ∈ Z+), ci is a category
under characteristic Ci, P (Ci) is the probability distribution of characteristic Ci and R[0,1] is the set of real
values between 0 and 1.

Merging agent distributions

3.26 We employ IPF to obtain a joint probability distribution by merging the probability distributions derived from
data sources. IPF relies on a disaggregated data sample of the target population, which is used as the seed (ini-
tial estimate of cell values). However, obtaining a disaggregated data sample on the population represented by
marginal distributions is di�icult due to data availability constraints. We propose circumventing this problem
by indicating cells that can logically contain agentswith 1s and cells that cannot contain agentswith 0s. This is a
deterministic assignment made based on domain knowledge. This abstract disaggregated data sample is rep-
resented by the seed matrix in the Figure 1. The data distributions are expected to be at the same aggregation
level, though theymay capture a hierarchy of concepts. For instance, whenmerging a person level distribution
(e.g. age distribution) and a household level (e.g. household sized distribution), we expect the number of per-
sons to be the counting unit of both populations. We denote the joint probability distribution constructed with
IPF as I .
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3.27 GivenΠ as the set of n probability distributions representing n characteristics obtained from data sources, the
n dimensional joint probability distribution (I) is obtained by mergingΠ using IPF:

I = ipf(Π, s) (1)

Here, s is the n-dimensional seedmatrix,Π is the ordered tuple of n probability distributions (P (Ci) ∈ Π), I is
the n-dimensional joint probability distribution produced by IPF procedure. Furthermore, i-th dimension of I
correspond to characteristicCi.

3.28 The resulting joint probability distribution a�er running IPF is the representation of the merged population at
the lowest aggregation level. We can get the merged agent population without group structures if we multiply
the joint probability distribution (I) by the expected total number of agents and then instantiate the number
of agents given in each cell with corresponding agent properties. If the population size is unknown, a suitable
number has to be chosen based on domain knowledge. It has to be a reasonably large number to su�iciently
capture important structural characteristics in the joint distribution. If the size of the target population is given
asN , the population distribution by the number of agents (S) is given as below.

S = I ×N (2)

3.29 Although the above process allows instantiating all the agents with the correct properties, it does not produce
thegroup (social) structures in thepopulation. For example,we canobtain all the agents in fourmemberhouse-
holds using the above process, however, it will not give us information on the composition of household struc-
tures. So, there needs to be a mechanism to reconstruct group structures in the population.

Groups construction

3.30 The grouping process consists of two parts. The first part constructs an initial estimate of the group structures
in the population using a process based onMonte Carlo Sampling as described in Algorithm 1. The second part
is improving the solution with hill climbing optimisation. The approach proposed in this work is a heuristic
algorithm that progresses using specified rules and observed distributions.

3.31 One of the inputs to the algorithm is the conditional probability distribution giving the probability of observing
an agent of a certain agent type given its group type. Below is the function for obtaining conditional probability
distribution from I joint probability distribution.

P (A|G = g) =


I(a,g)∑

au∈A

I(au,g)
, if

∑
au∈A

I(au, g) > 0

0, otherwise
(3)

∀a ∈ A,∀g ∈ G

Based on definitions 4 and 9,

(a, g) = (c1, ..., cp, cp+1, ..., cn); c1 ∈ C1, ..., cn ∈ Cn

3.32 Here we first describe the Algorithm 1 at a high level before going into specific details. The algorithm iterates
over all the group types constructing the expected number of groups under the selected group type in each
iteration. A group is constructed in two phases. In the first phase, an agent is selected for the group and all
its compulsory links are formed (lines 10-21) by adding suitable new agents to the group. For example, the
marital relationship of amarriedperson is a compulsory link. More specifically, compulsory links are given
by theminimumnumberof a link type inanagent type’s link rules. If newagentswereadded to thegroupduring
theprocess their compulsory links are formedaswell. This is continueduntil all compulsory links are formed for
all of the agents in the group. A�er thatwe check the group type using functionQ given in definition 12 (line 22).
If the group has the expected group type it is added to the population, and we start forming a new group from
the beginning. If not, the algorithm starts the second phase, where agents’ non-compulsory links are formed
(lines 26-37). This phase iterates over the current agents in the group, in the order they appear, forming their
non-compulsory links until the expected group type is achieved. We ensure that no link rule violations occur
when adding new agents. Once the expected group type is achieved, the group is added to the population, if
not it is discarded.

3.33 The inputs to the algorithmare Link Rules,GroupRules, the set of group types in the population, the conditional
probability distribution (P (A|G = g)), the expected population distribution (S) and the maximum number of
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Algorithm 1: Grouping Algorithm
input :G: set of all group types in the population

A: set of all agent types in the population
P (A|G = g): conditional probability distribution
RL: link rules
RG: group rules
S: expected distribution by number of agents
Itrmax: maximum iterations

output: Γ: population
1 Γ← ∅
2 for g inG do
3 z ← 0 //number of groups
4 e← Expected number of g groups according to S
5 while z < e ∧ Itr in [1,Itrmax] do
6 γ ← ∅ //empty group
7 α← Instantiate an agent selected with Monte Carlo sampling according to P (A|G = g) distribution
8 γ ← γ + α
9 j ← 1 // reference member index
10 while j ≤ |γ| do
11 α← γ[j]
12 reqlinks← {(l, B) : (l, B) ∈ RL(ar = type(α)),min(l) > |γ(ref = α,link_type = l)|}

//get required links of agent α
13 for (l, B) in reqlinks do
14 v ← min(l)− |γ(ref = α,link_type = l)|
15 T ← PerformMonte Carlo sampling onB based on P (B|G = g) for v agent types
16 for t in T do
17 AddNewAgent(γ, α, l, t)
18 end
19 end
20 j ← j + 1

21 end
22 ifQ(γ, F ) = g then
23 Γ← Γ + γ
24 z ← z + 1

25 else
26 j ← 1
27 while |γ| < expected size of a group of type g do
28 α← γ[j]
29 optionals← {(l, B) : (l, B) ∈ RL(r = type(α)),max(l) > |γ(ref = α,link_type = l)|}

//get unformed optinal links of agent α
30 if optionals 6= ∅ then
31 linkpairs← {(l, b) : (l, b) ∈ l ×B, b ∈ B, ∀(l, B) ∈ optionals}
32 (l, b)← Select 1 link pair using Monte Carlo sampling according to P (linkpairs|G = g)
33 AddNewAgent(γ, α, l, b)
34 else
35 j ← j + 1
36 end
37 end
38 ifQ(γ, F ) = g then
39 Γ← Γ + γ
40 z ← z + 1

41 end
42 end
43 end
44 end
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Algorithm 2: Add new agent to group
1 Function AddNewAgent(γ, αr, l, b):
2 λ← instance of l
3 β ← instance of b
4 γ ← γ + (α, λ, β)
5 γ ← Φ(γ, (α, λ, β))
6 return

iterationsallowedwhen forminggroups (Itrmax). Theoutputof thealgorithm is the final populationwithgroup
structures (Γ). Following functions and formalisms are used in the algorithm.

• |.| – size of any set or tuple

• type(α) – type of agent α

• min(l) – minimum required link instances for link type l

• max(l) – maximum allowed link instances for link type l

• RL(r = type(α)) – returns the link types and corresponding target agent types that agent α can form
links with according to the link rules

• γ(ref = α,link_type = l) – returns existing group members linked to agent α with a type l link in
group γ

3.34 The algorithm starts by initialising the output population to an empty set. Then we select the first group type
(g) from the set of all group types and start forming group instances (line 2). In line 4 we get the expected
number of groups of the selected group type from S. Initially the number of current groups (z) is set to 0. The
algorithm keeps forming groups of current group type until the required number of groups are formed or it
exceeds the maximum number of allowed iterations (line 5). The group being constructed is represented by γ
and initially empty. The first agent of the group is selected using a Monte Carlo sampling technique based on
the P (A|G = g) distribution of di�erent agent types appearing in a group of the selected group type g (line 7).
Here theP (A|G = g) distribution ensures that agent types not in the selected group type are not added to the
group. Line 8 adds the new agent to the group and line 9 initialises index j to 1 to indicate the first member of
the group. The next step is forming the minimum required links of the agents in the group. In line 11, we select
the agent represented by j-th index in the group γ to form its required links. In the first iteration j refers to the
new agent. The unformed required links of an agent can be found by taking the link types, in the agent’s link
rules, that the minimum required number is larger than the agent’s existing links (line 12). Agents to form the
missing links are selected using Monte Carlo sampling and added to the group (lines 13 - 19). Link conditions
are applied whenever an agent is added to the group (algorithm 2). This process is iterated for all the agents in
the group until all the required links are formed.

3.35 If the group has fulfilled the requirements of the expected group type a�er forming all the required links it can
be added to the population (line 22). Otherwise, the algorithm adds the missing number of agents by forming
optional links of the existing agents until the group reaches the expected size. The expected size is assumed to
be one of the group level characteristics (line 27). In line 29, we check whether the selected agent has formed
themaximum allowed links from each link type it can form according to the link rules to identify optional links.
Given that agents have formed all their required links during the first phase, any remaining link is considered an
optional link. This computation is the same as finding the required links as described above except formax(l),
which returns themaximumnumber of links allowed for link type l. The output of the computation (optionals)
is a set of ordered pairs representing a link type (l) and a set of target agent types (B) that α can form type l
links. Though the same target agent type can be present inmultiple pairs in the optionals, they are considered
di�erent because the links they formare di�erent. If the optionals set is not empty, we take all the di�erent link
type (l) and target agent type (b) pairs by taking the Cartesian product of the each pair in the optionals. The set
of (l, b) pairs is represented by linkpairs (line 31). If the optionals set is empty, we select the next agent in the
group (line 35) and start forming its non-compulsory links. The link type and the target agent type is selected
usingMonte Carlo sampling according to theP (linkpairs|G = g) conditional probability distribution (line 32).
The calculation givenbelow showshow toobtain the conditional probability distributionof the linkpairs given
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g as the group type:

P (linkpairs|G = g) =


P (A=b|G=g)∑

∀(lu,bu)∈linkpairs

P (A=bu|G=g) ,
∑

∀(lu,bu)∈linkpairs
P (A = bu|G = g) > 0

0, otherwise
(4)

∀(l, b) ∈ linkpairs

3.36 Once the requirednumber of agents are added to the group,we checkwhether the groupmatches the expected
group type using function Q and add it to the population if it is valid (lines 38 and 40). If the group does not
match the expected group type it is discarded. This process is continued until all the groups are formed. At the
end of this process, we have an initial estimate of the whole population.

3.37 The initial estimate of the population is improved using a standard hill climbing optimisation. The objective
function used for hill climbing is based on the root mean squared error (RMSE). To calculate the error we de-
fine S0 as a function giving the total number of agents in the current reconstructed population, analogous to
the function S given earlier, which represents the expected population. The RMSE calculation is given below.
When proposing a change to the current estimate, we randomly select a group from the current population and
construct a new group of the same type. The construction process for the new group has the same as logic ex-
plained from line 6 - 42 but instead of Monte Carlo sampling, here, we perform random sampling. In each case
agent types are selected onlywhenP (A|G = g) > 0 andP (linkpairs|G = g) > 0 to avoid adding agent types
that do not appear under a group type. If swapping the newgroupwith the old group improves RMSEwe accept
the change. This is continued until a RMSE = 0 achieved or the maximum number of iterations is exhausted.

rmse(S0) =

√√√√ ∑
a∈A

(S(a)− S0(a))2

|A|
(5)

3.38 At the end of the process, we are given an agent population that is structurally similar to the input marginal
distributions.

3.39 Thepopulation represents properties of person andhousehold instances using the categories given in the input
marginal distributions. In some situations, we have to assign persons and households specific values within
a category. Age is such an example, as marginal distributions represent the population with age groups in
most cases. We propose assigning an exact year to a person’s age using a suitable method considering rele-
vant heuristics. For example, we may assign an age based on the number of persons by age (year) distribution
of the population considering parent-child andmarital partner age constraints.

Forming groups with subgroups

3.40 There are two ways to construct complex group structures that consist of multiple subgroups like multifamily
households.

3.41 The first method is applying the proposed system iteratively on the population. Here, the process starts by
constructing the subgroupsof the lowest groupaggregation level using theagententities. A�er that subsequent
iterations use the subgroups of the previous iteration as the agent entities to construct the groups of the next
higher aggregation level. This approach requires specifying a new set of link rules, link conditions, group rules
andmarginal distributions representing agent andgroupentities for each iteration. In reference to apopulation
of multifamily households, this method uses persons to form the families, in the first iteration, and the family
instances to form the households, in the second iteration.

3.42 The second method is defining group rules at the highest group aggregation level while considering the com-
position of subgroups, so that the algorithm would form the complete groups in one iteration, while adhering
to subgroup compositions. In this method, link rules and conditions are specified at the agent level and group
rules are specified at the highest group aggregation level. For example, in a multifamily population link rules
and link conditions specify relationships between persons and group rules specify household structures con-
sidering families in them. This method is more suited if data on subgroups are incomplete, for example, data
on families in a household is incomplete or unavailable as this approach only requires marginal distributions
at agent level (e.g. person level) and highest group aggregation level (e.g. household level). The second case
study described below is an example of this approach.
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Case Study 1: Merging Wedding Doughnut and Linked Lives populations

4.1 Wedding Doughnut (WD) (Silverman et al. 2013) and Linked Lives (LL) (Noble et al. 2012) are two agent based
simulations modelling the UK population to evaluate social care needs. In this case study, we investigate con-
structing a common population by merging WD and LL populations. Similar work is also presented in (Wickra-
masinghe et al. 2017), however, they use a di�erent algorithm and do not propose a framework for recording
population heuristics. The purpose of this exercise is validating the proposed framework’s applicability in con-
structing merged populations for integrated agent based simulations.

4.2 The highlights of the WD model are its familial relationship representation and demographic processes. WD’s
marital partnership formationmodel is based on social a�inity of the agents. The spatial representation of the
model is a toroidal space depicting agents’ social networks. The agents choose their partners based on their
social a�inity and partnership formations results in two agents moving to a location between their original
locations. Its demographic process uses the Lee–Carter model and is guided by statistical data. The objective
of LL is evaluating social caredemandandsupply amidchanges inhousehold structures. LLuses theGompertz–
Makeham mortality model and a flat reproductive probability for all 17 - 45 females. An abstract geographical
representation of UK is used for the spatial representation. Agents can move from house to house within this
space at di�erent stages of life. Marital partnerships are formed between randomly selected persons.

4.3 A significant part of integrating ABMs is constructing an initial agent population consistent with all integrated
models (Wickramasinghe et al. 2015). Herewe apply the proposedmethodology to construct amerged popula-
tion forWDandLL.Basedon theaboveanalysis,wedecided that themerged initial populationshouldbeconsis-
tentwith theWDpopulation’s age, gender andmarital statuses distribution, and the LL population’s household
sizes distribution. Table 1 gives the categories represented in the joint distribution extracted fromWD.

4.4 The joint distribution of the person level (agent level) characteristics obtained fromWD consists of 104 person
types: 26 age categories with 4 year gaps× two relationship status categories× two categories based on gen-
der. The categories under these characteristics are represented in Table 1. An example of a person type in the
population is (Male, Married, 28-31), which is succinctly represented as (X1,M1,O8), using the category la-
bels in Table 1. The only group level characteristic used in this population is the distribution of household sizes.
Household types range from onemember households (H1) to 12 member households (H12).

Male (X1) Female (X2)

Married (M1) Single (M2) Married (M1) Single (M2)

0-3
(O1)

. . . 100++
(O26)

0-3
(O1)

. . . 100++
(O26)

0-3
(O1)

. . . 100++
(O26)

0-3
(O1)

. . . 100++
(O26)

Table 1: WD joint distribution

4.5 The first step of the population construction process is obtaining the conditional probability distribution of
agent types in a given group type by merging the distributions obtained from the two models using IPF. To
obtain the data distributions, we executed the WD and LL simulations independently and evolved them to the
year 2011, so that the twopopulations conceptually represent the sameUKpopulation froma temporal point of
view. At the year 2011, there were around 6900 persons in LL and 1000 in WD. The person level joint probability
distribution was obtained fromWD and the household level joint probability distribution from LL, by counting
the number of persons that belong to di�erent person and household types. The two distributions were then
mergedusing IPF. The seedwas constructed in themannerdescribed in theMethodology section,where impos-
sible cells were set to 0 and possible cells were set to 1. An example of an impossible cell is (Male, Single,
0-3) child living alone in a one person household. The IPF output is a matrix of proportions each cell repre-
senting the proportion of persons with a given combination of properties in the target population. This is the
distribution presented by I in Equation 1 in the Methodology section. This distribution is converted to condi-
tional probability distributions using Equation 3 taking household sizes as group types (g) and combinations
of age, gender and marital status as agent types (a). To obtain the number of persons under each category the
matrix is multiplied by the target population size, 4000 persons in this case (Equation 2).

Population heuristics

4.6 The population heuristics govern the relationships and household structures formed by the algorithm. Given
the nature of WD and LL models, we assume that all the households are family households and that there are
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nounrelated individuals in them, except in onemember households. Although the data extracted about house-
holds do not identify multifamily households, we have to allow them in the merged population to be able to
create large households such as 12 personhouseholds. Following are the list of heuristics applicable to this case
study, which are later represented as link rules and group rules.

1. A person can have only onemarital partnership.

2. A person can have up to 8 children.

3. A person can have only one father and onemother.

4. A person over 16 years old can live alone.

5. Only persons aged 16 years or more can formmarital partnerships.

6. Amale canonlyhaveamarital partnershipwitha female fromthe sameagecategory (group)or a category
up to 15 years younger.

7. A female canonlyhaveamarital partnershipwithamale fromthe sameagecategory (group)or a category
up to 15 years older.

8. A child must be at least 15 years younger than the parent.

9. Only persons aged 16 years or more can have children.

10. All people in the household are related.

11. The children of a person also considered children of the person’s partner.

12. Household types are decided by households’ sizes.

Specifying link rules

4.7 The first step of defining link rules is identifying link types in the population. The link types in the population
capture familial relationships among agents as heuristics 1 to 4 in the above list. These link types are su�icient
in this case study because WD and LL only represent familial relationships. Table 2 gives all the link types used
in the link rules. A None relationship is a representation of a non-existing relationship. This is used in the
proposed population constructionmethodology for single persons living without any relatives in onemember
households.

Link name Minimum links Maximum links Description

MarriedTo 1 1 Marital relationship formed by amarried person
MotherOf 0 8 maternal relationships a person forms with another

person
FatherOf 0 8 paternal relationships a person forms with another

person
ChildofFather 0 1 A person can have a father who is living in the same

household
ChildofMother 0 1 A person can have amotherwho is living in the same

household
None 0 0 Indicates empty relationship - for single persons liv-

ing alone

Table 2: WD and LL link types

4.8 Link rules for the population can be derived based on heuristics 5 to 10. For example, relationship types of
(Male,Married,28-31) person typeareMarriedTo,FatherOf,ChildOfFatherandChildOfMother.
Whenwe considermarital relationships of theperson type,marital partner needs to come fromoneofFemale,
Married,16-19 to28-31person types. TheFatherOfrelationshipsof theaboveperson typecanbe formed
with a person fromany gender andmarital status category, but in a younger age categorywith at least a 15 years
gap. These and the remaining two link rules of (Male, Married, 28-31) person type are given in Table 3.
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Reference agent type Link type Target agent type

(X1,M1,O8) MarriedTo {(X2,M1,O5),(X2,M1,O6),(X2,M1,O7),(X2,M1,O8)}
(X1,M1,O8) FatherOf {(X1,M2,O1),(X1,M2,O2),(X1,M2,O3),(X1,M2,O4)

(X2,M2,O1),(X2,M2,O2),(X2,M2,O3),(X2,M2,O4)}
(X1,M1,O8) ChildOfFather {(X1,M1,O13),(X1,M1,...),(X1,M1,O26),

(X1,M2,O13),(X1,M2,...),(X1,M2,O26),
(X1,M1,O8) ChildOfMother {(X2,M1,O13),(X2,M1,...),(X2,M1,O26),

(X2,M2,O13),(X2,M2,...),(X2,M2,O26)}

Table 3: Link rules of (Male,Married,28-31) person type

1 Link rules for males’ marital relationship
∀(X1,M1, Oω) where ω ∈ {5, ..., 26} :

((X1,M1, Oω),MarriedTo, {(X2,M1, Oω), (X2,M1, ...), (X2,M1, Oε)}), ε =

{
ω − 3, if ω − 3 ≥ 5

5, otherwise
2 Link rules for females’ marital relationship
∀(X2,M1, Oω) where ω ∈ {5, ..., 26} :

((X2,M1, Oω),MarriedTo, {(X1,M1, Oω), (X1,M1, ...), (X1,M1, Oε)}), ε =

{
ω + 3, if ω + 3 ≤ 26

26, otherwise
3 Link rules for paternal relationship of males
∀(X1,Mµ,Oω)where µ ∈ {1, 2}, ω ∈ {5, ..., 26} :
((X1,Mµ,Oω),FatherOf, {(Xν,Mδ,Oω − 4), ..., (Xν,Mδ,O1)}), ν ∈ {1, 2}, δ ∈ {1, 2}

4 Link rules for maternal relationship of females
∀(X2,Mµ,Oω)where µ ∈ {1, 2}, ω ∈ {5, ..., 26} :
((X2,Mµ,Oω),MotherOf, {(Xν,Mδ,Oω − 4), ..., (Xν,Mδ,O1)}), ν ∈ {1, 2}, δ ∈ {1, 2}

5 Link rules for persons’ relationship with the father
∀(Xθ,Mµ,Oω)where θ ∈ {1, 2}, µ ∈ {1, 2}, ω ∈ {1, ..., 22} :
((Xθ,Mµ,Oω),ChildOfFather, {(X1,Mδ,Oω + 4), ..., (X1,Mδ,O26)}), δ ∈ {1, 2}

6 Link rules for persons’ relationship with the mother
∀(Xθ,Mµ,Oω)where θ ∈ {1, 2}, µ ∈ {1, 2}, ω ∈ {1, ..., 22} :
((Xθ,Mµ,Oω),ChildOfMother, {(X2,Mδ,Oω + 4), ..., (X1,Mδ,O26)}), δ ∈ {1, 2}

7 Empty relationship of single persons living alone
∀(Xθ,M2, Oω)where θ ∈ {1, 2}, ω ∈ {5, ..., 26} :
((Xθ,M2, Oω),NONE, ())

Table 4: WD and LL link rules

4.9 As manually writing all the link rules is a cumbersome task, we automated the process using the statements
shown in Table 4. The table gives all the link rules applicable to the WD and LL merging exercise. For in-
stance, the statement in Row 1 gives the link rule for marital relationships of males. It first selects all the Male,
Married and age 16 or over categories as the reference agent types. According to Table 1, age 16 or over cat-
egories are given by labels O5 to O26. X1 is the Male category and M1 is the Married category. The last line
of the first row shows what agent types to be selected as potential target agent types relative to the reference
agent type. Here themarital and gender categories of the target agent types are constant because partnermust
belong to Female (X2) and Married (M2) categories. However, the age categories that a partner can be se-
lected change with reference agent type’s age because the heuristic specifies that the female partner of a male
must be in the same or in a younger age category with no more than a 15 year gap. We represent this by tak-
ingmarried females fromOω to Oε age categories, givenmale reference agent type’s age category is Oω (where
ε = ω−3). Additionally, wehavealso includeda special condition to limit the youngest age category of a female
partner to be 16-19 - O5 to avoid selecting person types younger than 15 years old for marital partnerships.
The same approach was used to construct other link rule statements in Table 4.

Specifying group rules

4.10 The group types in the merged WD and LL population are the household types observed in the LL population
distribution, which represents the number of persons in a household. Generating templates for all these house-
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hold types is computationally expensivebecauseperson typecombinations for ahouseholdgrowexponentially
with the household size. For example, there are 44 person types (44 combinations of person categories) that
can form realistic one person households. More specifically, there are

(
2
1

)
ways to select one from two genders,(

1
1

)
ways to select single persons (because married persons cannot live alone) and

(
22
1

)
ways to select one age

category from22 age categories that are over 15 years old. This amounts to
(
2
1

)
×
(
1
1

)
×
(
22
1

)
= 44. Whenwe con-

sider two person households, there can be households of married couples or single parent households, which
produce a total of 1094 household configurations. There are evenmore combinations for threemember house-
holds. This computation is not feasible with resources available to most researchers. Our attempts to generate
all the templates in this manner failed even with a system of 1TB RAM and 14 2.6GHz cores.

4.11 In thiswork, we avoid having to define a large number of household templates by taking the number of persons
in the household as the unique feature thatmaps a given household to its type, as in definition 10. Here defining
group rules is relatively simplebecause there isonlyonegroup level characteristic, household sizesdistribution.
Its categories areH1, H2, ...,H12. The corresponding features are the number of persons in a household, i.e.
1, 2, ..., 12. If i represents the household size, there is a heuristic function h to map household category to
corresponding features.

h : Hi↔ number of persons

Based on the above, the group rules for WD and LL can be represented as:

Rwdll
G : {(H1), (H2), ..., (H12)} ↔ {(1), (2), ..., (12)}

The functionQwdll that determines the type of a given household is represented below and its logic is given in
algorithm 3. Here, η is the household instance.

Qwdll : (η,Rwdll
G )→ (Hi)

Algorithm 3:WD and LLQwdll function
input : η: household instance

Rwdll
G : WD&LL group rules

output: (Hi): household type
1 i← getNumberOfPersons(η)

2 (Hi)← Rwdll
G ((i))

Specifying link conditions

4.12 The heuristics captured in link conditions describe the new links that need to be formed as a result of forming
another link. In relation to human relationships, we identify inverse relationships and dependent relationships
as two types of link conditions. Inverse relationships capture the bidirectional nature of human relationships,
for example, when a person of type (Female, Single, 32-35) is the MotherOf a (Male, Single,
4-7) person, the latter automatically becomes the child of the former, which is indicated as (Male, Single,
4-7) person is the ChildOf (Female, Single, 32-35) person.

4.13 The dependent relationships capture the situations where the formation of a relationship by person αr with
person αt constitutes forming a new relationship between the person αr and a person αe, because of an exist-
ing relationship between person αt and αe. For example, given there exists a marital relationship between
a (Male, Married, 32-35) person and a (Female, Married, 28-31) person, formation of a new
ChildOfFather relationship by a (Female, Single, 0-3) personwith a (Male, Married, 32-35)
person requires forming a ChildOfMother relationship between the (Female, Single, 0-3) person
and the (Female, Married, 28-31) person to maintain the consistency of relationships in the popula-
tion. The relationships defined here are considered from the social/legal point of view and not from a biologi-
cal point of view, so if two persons aremarried, children in their family form parental relationships with both of
them.

4.14 Tables 5a and 5b give all the link conditions applicable to the merged WD and LL population. Here, αr is the
reference person who forms a new relationship, αt is the target person with whom αr forms the link and αe
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(a) Inverse relationships

New link Inverse link

(αr,MarriedTo,αt) (αt,MarriedTo,αr)
(αr,FatherOf,αt) (αt,ChildOfFather,αr)
(αr,MotherOf,αt) (αt,ChildOfMother,αr)
(αr,ChildOfFather,αt) (αt,FatherOf,αr)
(αr,ChildOfMother,αt) (αt,MotherOf,αr)

(b) Dependent relationships

New link Existing link Dependent link

(αr,ChildOfFather,αt) (αt,MarriedTo,αe) (αr,ChildOfMother,αe)
(αr,ChildOfMother,αt) (αt,MarriedTo,αe) (αr,ChildOfFather,αe)
(αr,MarriedTo,αt) (αt,FatherOf,αe) (αr,MotherOf,αe)
(αr,MarriedTo,αt) (αt,MotherOf,αe) (αr,FatherOf,αe)
(αr,FatherOf,αt) (αt,ChildOfMother,αe) (αr,MarriedTo,αe)
(αr,MotherOf,αt) (αt,ChildOfFather,αe) (αr,MarriedTo,αe)

Table 5: WD and LL link conditions

is the person who has an existing relationship with αt. The inverse link and the dependent link represent the
second link that needs to be formed as a condition of forming the new link.

Results

4.15 We generated 100 pairs of WD and LL populations with di�erent random seed values (for the random num-
ber generator) and used their marginal distributions to construct 100merged population instances. The above
specified link rules, link conditions, group rules and IPF seedmatrixwere used formerging all thepopulation in-
stances. Finally, for age, persons are assigned random years within their age category considering parent-child
andmarital partner age gap constraints.

4.16 To evaluate the results we compared each merged population’s joint distribution of the number of persons by
gender, relationship status and age against the correspondingmarginal distribution obtained fromWD and the
distributionofhousehold sizesagainst thecorrespondingLLhousehold sizesdistribution. Whenperforming the
tests we removed impossible person categories (e.g. male, married, age 0-3) from both the expected
and observed distributions.

4.17 The goodness of fit of each constructed population was evaluated using the Freeman-Tukey goodness of fit
test (Freeman & Tukey 1950). The test statistic is given by

FT 2(O,E) = 4
∑
i

(
√
Oi −

√
Ei)

2

withO and E as the observed and the expected distributions, respectively. The FT test statistic is a represen-
tation of the error between the two distributions and it follows a χ2 distribution with the degrees of freedom
equal to one less than the number of categories in the compared distributions. In general terms, the p-value is
the probability of observing the error represented by the FT statistic if the null hypothesis (H0) was assumed
true. The null hypothesis of the test is that the two distributions are similar and the alternate hypothesis (Ha)
is that they are di�erent. If the p-value is less than a significance level (0.05) the null hypothesis is rejected,
that is, the observed distribution is deemed not a good fit to the expected distribution. On the other hand, high
p-values indicate thatwhen the two distributions are assumed to be similar there is a high probability of having
errors as extreme as the observed. The use of the test here is similar to the other applications in the population
synthesis literature (Voas &Williamson 2001; Ye et al. 2009; Barthelemy & Toint 2013; Huynh et al. 2016). We fur-
ther compare the synthesised population to census distributions using graphical representations later in this
section to complement the statistical analysis results.

4.18 Table 6 gives the results of the Freeman-Tukey goodness of fit test performed on marginal distributions of
merged population instances against input WD and LL populations. Results show that none of the population
instanceswere concluded inconsistent by rejecting thenull hypothesis at 0.05 significance level. For persondis-
tributions all the instances had p-values over 0.95. However, this should not be interpreted as the synthesised
population being a perfect match to the expected distribution, in fact still there are small errors between the
synthesised and the expected distributions. At households level there was one borderline case with a p-value
less than 0.1. However, 70 out of 100 had p-values over 0.85 with 59 of them being above 0.95. Table 6 also
reports the mean and the standard deviation (SD) of the p-values. This shows that p-values are much larger
than 0.05 significance level in most cases.

4.19 We further performed a power analysis on the test to explore the probability of detecting an e�ect in the re-
constructed population when such an e�ect is actually present. For the test, we used 0.05 as the significance
level, 4000 as sample size (the population size) and 0.1 e�ect size. The e�ect size was selected according to
general guidelines provided by Cohen (1988) for social sciences where 0.1, 0.3 and 0.5 were proposed for small,
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Marginal H0 rejected
(p-value < 0.05)

Instances with
p-value > 0.95

Highest
p-value

Lowest
p-value Mean SD

WD 0 100 1 1 1 0
LL 0 59 1 0.07117225 0.8734861 0.1848916

Table 6: WD and LL Freeman-Tukey test results

medium and large e�ect sizes respectively. Table 7 gives the results of the power analysis. It shows that both
tests will correctly reject the null hypothesis with a probability higher than the widely accepted 0.8 level when
the probability of correctly rejecting the null hypothesis when it is false is set to 0.95. The probability of type II
error in LL comparison test is only 0.0023 and in WD comparison test, the probability is 0.1951.

Marginal Number of category
combinations

Degrees of
freedom Power

WD 96 95 0.8049
LL 12 11 0.9977

Table 7: Power analysis results for WD and LL goodness of fit tests. Significance level = 0.05 (type I error proba-
bility), sample size = 4000, e�ect size = 0.1.

4.20 The population instance that resulted in the lowest p-value for the household level FT test is the 44th instance
out of the 100. Plots in Figure 2 show the di�erences observed in this population instance. Figure 2a shows the
di�erences in thenumberof households in the constructedpopulationand theexpectednumberof households
as per input marginal distributions. The x-axis gives the household types, in this case, households of di�erent
sizes. The y-axis is the number of under/over representedhouseholds. However, the di�erences shownhere are
proportional values where integers are expected. The reason for this is round o� errors introducedwhenmulti-
plying the proportions in IPF result by the expected population size (Equation 2). Themerged joint distribution
(I) represents the population at lowest aggregation level, which in this case is persons. To get the number of
households, we have to get the total persons under each household type and divide it by the expected number
of persons in a household. This calculation sometimes results in a decimal number due to round o� errors in
previous steps. The errors we see in the plot are the proportional parts of these decimal numbers. The smaller
sample sizes in households distribution also influence relatively low p-values.

(a) Household level joint distribution error (b) Person level joint distribution error

Figure 2: Error in constructed population instances

4.21 Figure 2b gives errors in the constructed population with respect to the expected person level joint marginal
distribution of the 44th population instance. Y-axis gives the number of persons and x-axis gives the person
types. The total absolute error in this constructedpopulation instancewith respect to person level distributions
is 43 persons, which is about 0.01% out of all the persons. The errors are generally spread out among di�erent
person typeswith no particular person type having a significant enough error to reject the population as per FT
test results.
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(a) Person level joint distribution comparison

(b) Gender categories comparison (c) Relationship status categories comparison

(d) Age categories comparison (e) Household distribution comparison

Figure 3: Comparison of reconstructed population distributions to input distributions

4.22 The graphs in Figure 3 show how structural characteristics of input distributions are preserved in 70th popu-
lation instance, for which both LL and WD goodness of fit tests resulted in a p-value of 1. Figure 3a compares
the expected and the observed joint distributions of all person level characteristics. The x-axis of the graph
represents person types and the y-axis represents the number of persons. The x-axis labels refer to the cate-
gories given in Table 1. Here, we show only some of the labels due to space limitations. According to the graph,
errors are relatively small in the reconstructed population and its structure is very similar to the input distri-
bution, which supports the claim that populations synthesised using the algorithm are consistent with input
distributions. Figures 3b, 3c and 3d show the structural consistency of person level characteristics individually.
The characteristics used here are the distributions of the number of persons by gender, marital status, and age.
Figure 3e compares the distribution of the number of households by sizes in the input and in the synthesised
population. It is evident from the graphs that the populations constructedwith the proposedmethodology are
structurally consistent with its input distributions.

4.23 In this case study, we demonstrated how the proposed framework can be used to construct an initial consistent
agent population for integrated ABMs. While the algorithm produces promising results consistently, one of the
reasons for observed mismatches is round o� errors. Another factor is discrepancies in the two input distribu-
tions because they come fromagent populations of di�erent simulations, thoughweassume they conceptually
represent the same population. Here we expect the algorithm to produce the best possible solution it can with
the available data.

Case Study 2: Population Construction Using Census Data

5.1 In this case study, we explore constructing a synthetic population by merging aggregated data from 2011 Aus-
tralian census. Australian Statistical Geography Standard (ASGS) developed by Australian Bureau Statistics de-
fines a hierarchical system that divides the country into smaller geographical areas2. Statistical Area 2 (SA2) is
the third smallest area defined in the system and inmost cases they correspond to o�icially gazetted state sub-
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urbs and localities. To construct the population we collected individual level and household level information
of all SA2s that fall under the Greater Melbourne area in the state of Victoria. The proposed sample free tech-
nique is more desirable here, as any population generated with microdata samples would not be freely usable
due to privacy restrictions.

Person level data

5.2 Individual level information collected under each SA2 includes joint distributions for the number of persons
by age, gender and the person’s relationship in a household. There are 7 age categories, 6 relationship status
categories and 2 gender categories. Table 8 gives the full list of categories under each characteristic. The labels
prefixed with X,M and O are used in this document to refer to corresponding categories. The married category
includes persons in a registered marriage or in a de facto partnership. Children category includes persons cat-
egorised as dependent students aged 15-24, dependent under 15 children and non-dependant children over 15
children. Relative is short for other related individuals, which encompasses individuals who live in the same
household with a family but as not part of a family nucleus and persons related with relationships other than
marital or parent/child relationships, for example, siblings. The relationship status of a person is decided in the
prioritised order of marital, then parent/child, then relative relationships. Lone persons are the person living
alone and group households are members of a households consisting only of non-related individuals like ten-
ants. Additionally, though the Married category in census include persons in homosexual partnerships, for
simplicity, we assume allmarried persons are in heterosexual partnerships. Also, parent/child relationships are
treated from social/legal perspective rather than from the biological perspective. A complete description of the
relationship types, family types and other special terms can be found in Australian Bureau of Statics website3.
Here, a person type can be obtained by taking combinations of categories fromeach characteristic, for example
(Male, Married, age 25-39) - (X1,M1,O3).

Characteristic Categories

Sex Male (X1) Female (X2)
Relationship status Married (M1) Lone parent (M2) Children (M3) Group household (M4) Lone person (M5) Relative (M6)
Age 0-14 (O1) 15-24 (O2) 25-39 (O3) 40-55 (O4) 56-69 (O5) 70-84 (O6) 85+ (O7)

Table 8: Individual level characteristics and categories

Household level data

5.3 Household level information extracted for each SA2 includes the joint distribution of the number of persons
by household size and family-household composition. Table 9 gives the categories under the two character-
istics. Family household composition categories include the number of family units in the household and the
type of the primary family unit. For example, Two or more family household: Couple family
with no children refers to households with two or more family unit and the primary family is a couple
family with no children unit. A household type in this case study is represented by a combination of house-
hold size categories and family-household composition categories, for example, (4 person, One family
household: One parent family) - (H4,U3).

5.4 A person belongs to only one family in the Australian census family categorisations and a household can have
multiple families. A person’s family nucleus is determined in the prioritised order of the person’s marital rela-
tionship, parent/child relationships and other relationships. Any un-grouped children are added to the same
family as their parents. In case ofmulti-generation parent/child relationships, ties are broken by prioritising the
younger generation’s relationship, and the unmarried grandparent is categorised as a relative of the younger
family. Sameapplies to older single parents of amarried couple. Theprimary family of amulti family household
is selected in the prioritised order of couple family with children, one parent family and finally, couple family
with no children and other family with equal priority.

5.5 Though the census identifies up to three family units in a household, the categories used here do not distin-
guish between households consisting of two and three families. They also do not distinguish among six to
eight person households though the census does. The categories shown are selected to match the categories
in disaggregated data samples available to us: in the interest of doing a more reasonable comparison with the
sample data dependent IPU based population synthesiser proposed by Ye et al. (2009). It is noteworthy that
the sample data can contain households of three families, and seven or eight persons though not categorised
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(a) Family household composition characteristic

Categories Code

One family household: Couple family with no children U1
One family household: Couple family with children U2
One family household: One parent family U3
One family household: Other family U4
Two or more family household: Couple family with no children U5
Two or more family household: Couple family with children U6
Two or more family household: One parent family U7
Two or more family household: Other family U8
Lone person household U9
Group household U10

(b) Household sizes characteristic

Categories Code

1 person H1
2 persons H2
3 persons H3
4 persons H4
5 persons H5
6 or more persons H6

Table 9: Household level characteristics and categories

as such, this allows Ye et al. (2009)’s method to generate those households. These households are categorised
under Two or more family households and six or more persons households accordingly. To generate a similar
population with the proposed method, group rules are specified to categorise households with two and three
family units as Two or more family households and households with six to eight persons as 6 or
more persons households. If one needs fully descriptive family household composition categories there are
no restrictions to specifying suitable group rules.

5.6 We construct households in a single run by grouping persons directly considering both household and family
compositions at once. Here, link rules specify persons’ relationships and group rules specify composite house-
hold and family structures. The alternative is constructing households in two iterations, one to form families
using persons and the other to form households using families. This is not suitable here as marginal distribu-
tions only describe primary families, thus not enough information to construct all the families in the population
in the first iteration. The approach used here also has the advantage of creating inter-family relationships of all
the members in the household while assigning them to the correct family, where as the other approach would
create families as standalone units only with intra-family relationships ofmembers, unless explicitly created as
an ex post step.

5.7 Prior to constructing the population, the census data need to be cleaned tominimise the data inconsistencies.
In Australian context, census data inconsistencies are caused either due to limitations in data collection process
or deliberately introduced errors to protect privacy. Following is the list of heuristic adjustments made to the
population tominimise the inconsistencies. It is important to note that data set is not descriptive enough to re-
move the inconsistencies completely. One such example is inability to know exact number of requiredmarried
persons due to lack of information on secondary and tertiary family units in multifamily households.

1. Set all unrealistic values to 0, e.g. (Male, Married,age 0-15) and (3 person, Lone person
household).

2. If the number of group household persons in person level data does not match with the number of per-
sons expected according to household level data, update the person level group households distribution
proportionally while preserving sex and age distribution.

3. Proportionally update the number of lone persons in person level distribution tomatch persons required
to form lone person households, if they are di�erent.

4. If the married number of males and females are di�erent, proportionally increase the one with less per-
sons to match the other.

5. If there are not enough married males and females to form all primary family units that contain married
couples, proportionally increase males and females in person level distribution.

6. If number of lone parent persons is less than the number of lone parent family units in households, in-
crease the lone parent persons proportionally to match the required number of persons.

7. There must be enough children to form enough couple family with children and lone parent family units
at least with one child in them. If not increase the number of children proportionally.
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8. If there are not enough relative persons to form all primary other-family units, increase the number of
relative persons proportionally.

9. If the total number of persons is less than the number of persons required by households, increase the
persons proportionally. If there aremore persons no changes aremade due to the possibility of informa-
tion loss.

Identifying population heuristics

5.8 The population construction starts by encoding the population heuristics using the constructs specified in the
proposed framework. Following is the list of heuristics and assumptions describing important aspects of the
population. They describe relationships between persons in the same household. The relationships across
householdsarenot represented in theavailabledata, andwedonot intend to represent them in the synthesised
population. Here, an independent child is either a lone parent or a married person who is a child of another
older lone parent or a married person. A dependent child is a person in the children category.

1. A person can have a marital relationship with only one person.

2. Only married or lone parent persons can have parental relationships.

3. A lone parent must have at least one and amaximum of seven dependent children.

4. A lone parent can have up to three independent children.

5. A married person can have up to six dependent children.

6. A married person can have up to three independent children.

7. Married and lone parent persons can form none or up to three relationships with persons from “relative”
category.

8. A dependent child must have at least one parent in the same household.

9. The only relationship that a group household person has with other members of the household is the
relationship of living in the same household.

10. Lone persons have no relationships.

11. Persons in “relative” category cannot form anymarital or parental relationships.

12. Relatives can form one “relative of the family” relationship with a married or lone parent person.

13. Relatives can form none or up to seven relationships with other “relative” type persons.

14. By definition persons who fall under “children” category do not formmarital partnerships or be a parent.

15. Marital partnerships are assumed to be heterosexual relationships.

16. A personmust be over 15 years to formmarital partnerships.

17. A married male can have a marital relationship with a married female from the same age category or
one below, and a married female can have marital relationship with a married male from the same age
category or one above.

18. A child is assumed to be 15 to 45 years younger than the parent.

19. A group-household person can only be in a group household.

20. The primary family is the family unit with most number of dependent children

21. Couple familywithno children -must include twomarriedpersons. There canalsobeup to three relatives
in the household. The three relatives have no relationship between them.

22. Couple family with children - must include two married persons and at least one person from children
category. The family can include up to three relatives who have no relationship between them.

JASSS, 22(1) 5, 2019 http://jasss.soc.surrey.ac.uk/22/1/5.html Doi: 10.18564/jasss.3844



23. One parent family consists of a lone parent and at least one person from children category. The family
can include up to three relatives who have no relationship between them.

24. Only the primary family unit can have relatives

25. “Other-family” members consists of relative persons and the relationships between them cannot be cat-
egorised as either marital or parental.

26. Lone person household consists of an adult person living alone.

27. Group household only consists of persons from group-householder agent type.

28. When a person forms a relationship with another person, the second person also forms a relationship
with the first person. Both relationships are di�erent point of views of the same conceptual relationship.

29. The relationships in the population are not limited to biological ones and if a married person is also a
parent of a child, the married person’s spouse is assumed as the other parent of the child.

30. Every person in an other-family is related to each other.

Specifying link types

5.9 When defining link types we consider the individual types that form the links and the types of households and
families they form. Table 10 gives the link types identified in this exercise. The table gives the name of the
relationships, a minimum and a maximum number of relationships that a person is allowed to form. In some
cases, we have defined multiple di�erent link types for the same conceptual relationship depending on the
context. For example parent of relationship is divided into three link types considering parent agent’s type and
child agent’s type because di�erent heuristics apply in each case.

Specifying link rules

5.10 Link rules determine the relationships that each person can form with other persons based on the person’s
type. In the above heuristics list items from 1 to 19 describe the concerns that need to be encoded as link rules.
Similar to the previous case study following is an example of a link rule that specifies a (Male, Relative,
85+) person type can have RelativeOther relationships with any Male (X1) or Female (X2) Relative
(M6) person type from any age category (O1, ..., O7). We can specify similar link rules for all the agent types in
the population.

((X1,M6, O7), RelativeOther, {(X1,M6, O1), (X1,M6, ...), (X1,M6, O7), (X2,M6, O1), (X2,M6, ...), (X2,M6, O7)})

5.11 The statements in Table 11 show how link rules can be generated for the first five link types given in Table 10.
The link rules specified in the first row of Table 11 refer to marital partnerships that can be formed by male
married persons of all ages. According to the heuristics, a person must be at least 15 years old to form marital
partnerships. Becauseof thatweonly selectmarriedmales in 2 (15-24) to 7 (85+) age categories. This is specified
by the first statement in row 1. The second statement in the same row gives the link rules formale person types
selected in line 1. The link rule specified that the females chosen for the marital partnership must be from the
same age category or one category below. If the male’s age category is 15 - 24 (O2), then that person can only
formamarital partnershipwith a female from the sameage category, because persons of age 0 - 15 cannot form
marital partnerships. The second row of the table gives link rules pertaining to marital partnerships of female
persons. The other four rows show di�erent link rules related to some parental relationships observed in the
population. Similar logic can be specified for all the other link rules in the population. We can generate all the
link rules easily by writing a simple script in this manner.

Specifying link conditions

5.12 The link condition types used here are similar to the ones used in the previous WD and LL case study because
botharehumanpopulations. However, theactual link conditionsaredi�erentbecauseweusedi�erent linkand
person types in this population. The two types of link conditions are inverse links, capturing the bidirectional
nature of human relationships, and dependent links, capturing dependencies on other existing relationships in
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Link name Minimum Maximum Description

MarriedTo 1 1 Marital relationship formedby amarried per-
son

MarriedParentOfDependentChild 0 6 The relationship a married person can have
with a dependent child. Dependent child is
the category given by M3 in table 8. Individ-
ual typemarriedpersonmayormaynothave
children.

LoneParentOfDependentChild 1 7 The relationship of a lone parent with their
children. A lone parent must have at least
one child.

ParentOfIndependentChild 0 3 The parental relationship between a parent
andapersonwho ismarried or a loneparent.

DependentChildOf 1 2 The relationship that a dependent child
forms with the parents. A dependent child
must have a parent.

IndependentChildOf 0 2 The relationship that amarried or a lone par-
ent person forms with the parent.

GroupHouseholdOf 1 7 The relationship of persons living in a group
household. The maximum group household
size is 8.

FamilyRelative 0 3 The relationship formed by a Married or a
Lone parent person with relatives who be-
long to the same family unit.

FamilyRelativeInverse 0 1 The relationship formed by relative with a
married or lone parent in the primary family.

RelativeOther 0 7 This is the relationship that persons in family
type “other family” can havewith each other.
We allow “other family” family type to have
up to 8members.

None 0 0 Indicator for a null relationship. E.g. Lone
person in a 1 member household

Table 10: Census population link types

a population. The items 28-30 in the above heuristics list relate to link conditions. Table 12 gives the two types
of link conditions applicable to the census population. Here, αr, αt and αr indicate the agents that form the
relationship. The first part shows the link conditions that need to apply because of the bidirectional nature of
the human relationships. New link is the newly formed link and inverse link is the link formed because of the
new link. The secondpart of the table shows the relationships that need to be formeddepending on the existing
relationships of a participating agent. Existing link gives the already formed relationship and dependent link
gives the relationship that needs to be formed when forming the new link.

Specifying group rules

5.13 Group rules determine the type of a given household. In this exercise, the features used to determine house-
hold type are the household size and the household composition. The latter feature considers the number of
family units, the primary family’s type and whether the households members are related individuals. The fam-
ily units in the population are: couple family with children, couple family without children, lone parent family,
and other family. Group households and lone persons are non-family units observed in households. Heuristics
on household composition are given in lines 20-27 in the above heuristics list.

5.14 Group rules function (Rcensus
G ), formulated as per definition 11, determines household type considering the

two group level characteristics in the data: household size and family household composition (number of fam-
ily units and primary family unit type). Given Hi represents a household size category, heuristic function for
mapping featureswith household sizes is same as the previous case study (i ∈ Z+

[1,8]).

hi : Hi↔ number of persons
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1 Link rules for males’ marital relationship
∀(X1,M1, Oω) where ω ∈ {2, ..., 7} :

((X1,M1, Oω),MarriedTo, {(X2,M1, Oω), (X2,M1, Ox)}), x =

{
ω − 1, if ω ≥ 3

2, otherwise
2 Link rules for females’ marital relationship
∀(X2,M1, Oω) where ω ∈ {2, ..., 7} :

((X2,M1, Oω),MarriedTo, {(X1,M1, Oω), (X1,M1, ...), (X1,M1, Ox)}), x =

{
ω + 1, if ω ≤ 6

7, otherwise
3 Link rules for parental relationships of married persons’ with dependent children
∀(Xθ,M1, Oω)where θ ∈ {1, 2}, ω ∈ {2, ..., 4} :

((Xθ,M1, Oω),MarriedParentOfDependentChild, {(X1,M3, O1), (X2,M3, O1)})
4 Link rules for parental relationships of lone parents with dependent child
∀(Xθ,M2, Oω)where θ ∈ {1, 2}, ω ∈ {2, ..., 4} :

((Xθ,M2, Oω),LoneParentOfDependentChild, {(X1,M3, O1), (X2,M3, O1)})
5 Link rules for parental relationships of married persons with Independent children
∀(X1,Mµ,Oω)where µ ∈ {1, 2}, ω ∈ {3, ..., 7} :

((X1,Mµ,Oω),ParentOfIndependentChild, ((Xq,My,Ox), ..., (Xq,My,Oω − 1))), q ∈ {1, 2}, y ∈ {1, 2}, x =

{
ω − 3, if ω ≥ 6

2, otherwise
6 Link rules for parental relationships of lone parents with Independent children
∀(X2,Mµ,Oω)where µ ∈ {1, 2}, ω ∈ {3, ..., 7} :

((X2,Mµ,Oω),ParentOfIndependentChild, ((Xq,My,Ox), ..., (Xq,My,Oω − 1))), q ∈ {1, 2}, y ∈ {1, 2}, x =

{
ω − 3, if ω ≥ 6

2, otherwise
7 Link rules of dependent children with their parents
∀(Xθ,M3, O1)where θ ∈ {1, 2} :

((Xθ,M3, O1),DependentChildOf, {(Xq,My,O2), ..., (Xq,My,O4)}), q ∈ {1, 2}, y ∈ {1, 2}

Table 11: Generating census population link rules

The features of categories in family household composition characteristic consist of di�erent agent composi-
tions and relationships. For ease of representation here we loosely define family units to include group house-
hold persons and lone persons, in addition to usual families. If members of a household belong to group
household person type the household is considered agroup household and all themembers are consid-
ered to be part of one family unit. For lone person households the person alone is considered alone person
family. Apart from above, following agent compositions are considered basic family units: married couple,
a lone parentwith a child and two relativeswith relative other relationships. The number of
family units canbe identifiedby counting these agent compositions. The family typeof the first personadded to
the household is considered the primary family type. If the first person’s family nucleus consists of a married
couple that has at least one child, the family type is couple with children family, if there are no
children then it is acouple only family. If there is alone parent in the family nucleus it is considered
a Lone parent family. If there are relatives with relative other relationships then the family
type is other family. Below two heuristic functions are formulated according to definition 10. Here U1
refer to One family household: Couple family with no children category and U10 refer to
Group household category.

h9 : U1↔ 1 family unit, primary family has two married persons but no children

h22 : U10↔ Household members belong to group household person type

5.15 The group rules set for census population can be represented in following manner:

Rcensus
G : H × U ↔ {set of different number of persons} × {agent compositions}

H = {H1, H2, ...,H6} is the set of di�erent household size categories and U = {U1, U2, ..., U10} is the
set of family household composition categories. Algorithm 4 below gives the logic encoded into the proposed
functionQcensus to determine the household type of a given household η in the census population. Note that
the logic for extracting di�erent features depends on the application. Here, the household type depends on the
number of persons (line 1), the number of families (line 2) and the composition of the primary family (line 3)
in the household. The household type (group type) is determined using these features based on the set group
rules (line 4). The number of families and the composition of the primary family is combined into one feature
in reference to Family Household Composition characteristic in input data (table 9). (Hi,Uβ) is the categories
tuple, i.e. the household type (group type), determined based on group rules setRcensus

G .
5.16 Thepopulationof anSA2 is constructedby running theprogramwith the above specified link rules, group rules,

link conditions, marginal distributions from census data and the seed. To perform the IPF step, which requires
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(a) Inverse links

New link Inverse link

(αr,MarriedTo,αt) (αt,MarriedTo,αr)
(αr,MarriedParentOfDependentChild,αt) (αt,DependentChildOf,αr)
(αr,LoneParentOfDependentChild,αt) (αt,DependentChildOf,αr)
(αr,ParentOfIndependentChild,αt) (αt,IndependentChildOf,αr)
(αr,DependentChildOf,αt) If parent is married→ (αt,MarriedParentOfDependentChild,αr)

If parent is a lone parent→ (αt,LoneParentOfDependentChild,αr)
(αr,IndependentChildOf,αt) (αt,ParentOfIndependentChildOf,αr)
(αr,GroupHouseholdOf,αt) (αt,GroupHouseholdOf,αr)
(αr,FamilyRelative,αt) (αt,FamilyRelativeInverse,αr)
(αr,FamilyRelativeInverse,αt) (αt,FamilyRelative,αr)
(αr,RelativeOther,αt) (αt,RelativeOther,αr)

(b) Dependent links

New link Existing link Dependent link
(αr,MarriedTo,αt) (αt,MarriedParentOfDependentChild,αe) (αr,MarriedParentOfDependentChild,αe)
(αr,MarriedTo,αt) (αt,ParentOfIndependentChild,αe) (αr,ParentOfIndependentChild,αe)
(αr,MarriedParentOfDependentChild,αt) (αt,DependentChildOf,αe) (αr,MarriedTo,αe)
(αr,ParentOfIndependentChild,αt) (αt,IndependentChildOf,αe) (αr,MarriedTo,αe)
(αr,DependentChildOf,αt) (αt,MarriedTo,αe) (αr,DependentChildOf,αe)
(αr,IndependentChildOf,αt) (αt,MarriedTo,αe) (αr,IndependentChildOf,αe)
(αr,GroupHouseholdOf,αt) (αt,GroupHouseholdOf,αe) (αr,GroupHouseholdOf,αe)
(αr,RelativeOther,αt) (αt,RelativeOther,αe) (αr,RelativeOther,αe)

Table 12: Census population link conditions

Algorithm 4: Census populationQcensus function
input : η: household instance

Rcensus
G : Group rules

output: (Hi,Uβ): household type, β ∈ Z+
[1,10], i ∈ Z+

[1,6]

1 i← getNumberOfPersons(η)
2 ρ← getNumberOfFamilialAgentCompositions(η)
3 τ ← getPrimaryFamilyComposition(η)
4 (Hi,Uβ)← Rcensus

G ((i, (ρ, τ)))

both distributions to be at the same aggregation level, we obtained the number of persons in a household type
by multiplying the household distribution by the household size. The seed here is a two dimensional matrix
corresponding to two joint distributions used for the population. The cell values are deterministically assigned
1s and 0s indicating possible and impossible cells as described previously. The only input that needs to be
changed for di�erent SA2s is the set of marginal distributions from census data. Link rules, link conditions,
group rules and the seed do not change as they are based on common population heuristics.

5.17 To assign an year to a person’s age property, we selected an year within the person’s age category according
to the number of persons by age (year) distribution of each SA2. Age assignment further considered relevant
population heuristics related to person’s age.

Results

5.18 As the method is guaranteed to only generate legal household configurations according to the specified rules,
main focus of this section is the structural aspects of the synthesised population. First, we illustrate that the
synthesised populations are similar to the input distributions and then, we show that, our method generates
statistically superior populations than the IPU basedmethod described by Ye et al. (2009).

5.19 We selected 16 SA2s from Darebin and Banyule local government areas and for each person and household
distribution pair constructed 20 di�erent synthetic populations with varying random seed values. The distri-
bution of persons of a constructed population was obtained by counting the number of persons that fall under
each person type and household distribution counting the number of households under each household cat-
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egory. The goodness of fit of each synthesised population was evaluated using FT test. Categories that repre-
sent impossible person types (e.g. (Male, Married, age 0-15)) and household types (e.g. 1 person, 2
families: couple family with children ) are not included in the tests. So the number of person
categories used for the tests reduced from 84 to 76 and household type categories from 60 to 36.

5.20 Table 13 presents the FT test outcome with theH0 rejected of population instances out of 20, the highest ob-
served p-value, the lowest observed p-value, the mean over the 20 p-values and the standard deviation (SD)
for each SA2. The degrees of freedom for the person level FT tests is 75 and for the household level is 35. In
the table none of the population instanceswere deemed inconsistent, in fact, the p-values of all the population
instances shown in the table are over 0.95, which is very promising. Very small standard deviations indicate
that the algorithm’s results are consistent and multiple runs are not required to obtain the best result in most
cases. Below, we further compare synthesised population to the census distributions using q-q plots.

SA2 Person level Household level
H0 rejected

(p-value < 0.05)
Maximum
p-value

Minimum
p-value Mean SD H0 rejected

(p-value < 0.05)
Maximum
p-value

Minimum
p-value Mean SD

Alphington - Fairfield 0 1 1 1 0 0 1 1 1 0
Bundoora - East 0 1 1 1 0 0 1 1 1 0
Greensborough 0 0.9999 0.9979 0.9997 0.0006 0 1 1 1 0
Heidelberg - Rosanna 0 1 0.9999 0.9999 6.23×10−14 0 1 1 1 0
Heidelberg West 0 1 1 1 0 0 1 1 1 0
Ivanhoe 0 1 1 1 0 0 1 1 1 0
Ivanhoe East - Eaglemont 0 1 0.9999 0.9999 3.15×10−7 0 1 1 1 0
Kingsbury 0 1 1 1 0 0 1 1 1 0
Montmorency - Briar Hill 0 0.9999 0.9999 0.9999 4.17×10−6 0 1 1 1 0
Northcote 0 1 0.9999 0.9999 2.34×10−9 0 1 1 1 0
Preston 0 0.9999 0.9999 0.9999 2.6×10−9 0 1 1 1 0
Reservoir - East 0 1 1 1 0 0 1 1 1 0
Reservoir - West 0 1 1 1 0 0 0.9998 0.9998 0.9998 0
Thornbury 0 1 0.9999 0.9999 2.18×10−15 0 1 1 1 0
Viewbank - Yallambie 0 1 0.9999 0.9999 5.19×10−10 0 1 1 1 0
Watsonia 0 1 0.9999 0.9999 4.93×10−15 0 1 1 1 0

Table 13: Freeman-Tukey test result summary

5.21 The post hoc power analysis showed high power in all the cases of individual level FT tests. We used 0.05 signif-
icant level, 83 degrees of freedom (because there are 84 agent types) and a small e�ect size of 0.12 according to
guidelines proposed by Cohen (1988). All the tests have very high power in this exercise because of large popu-
lation sizes (sample size). The lowest power was observed in the tests conducted on Ivanhoe East - Eaglemont
SA2, which is 0.99996 (population size = 7207). This indicates 0.00004 probability of type II error. Addition-
ally, 7 SA2s resulted in a power of 1 because of their relatively large population size. For power analysis of tests
on household level distributions, we used the same significant level and e�ect size, but for 59 degrees of free-
dom because corresponding to 60 household types. The lowest power was again observed in tests conducted
on Ivanhoe East - Eaglemont SA2, which is 0.8866, a probability of 0.1134 type II error, again attributed to the
relatively small population. The highest power of 0.9999 was observed for Preston.

5.22 Figure4 shows thequantile-quantile plot for oneof thepopulation instances constructed for arbitrarily selected
Thornbury SA2. A blue dot in the figure 4a represents a person-type in the population and the red diagonal line
represents the y = x trend line. A blue dot’sxprojection is the number of persons in preprocessed census input
distribution and y projection is the number of persons in the synthesised distribution. If the number of persons
in a person type is equal in both the census and the synthesised, the corresponding dot falls right on the y = x
trend line. The figure 4b compares household distributions of the same population. The figure shows that in
both cases person type and household type dots fall very close to the y = x trend line.

5.23 The proposed algorithm produced satisfactory results in most of the experiments. However, there are cases
where complex family structures are not constructed, for instance, three Five persons, Two or more
family household: Other family instances were not formed in Reservoir - West, hence the rela-
tively lowp-value. Anotherpossible reason for this is the lowprobabilityof selectingaRelativewhen forming
families due to having very few in the census distribution.

Comparison to IPU based population synthesis

5.24 In this section we compare the proposed approach to the Iterative Proportional Updating (IPU) based method
discussed in Ye et al. (2009). The IPU based method generates synthetic populations that match person and
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(a) Persons level (b) Household level

Figure 4: Thornbury Q-Q plots

household level marginal distributions similar to the proposed approach, but using a disaggregated sample.
The IPU implementation used here is available in Urban Data Science Toolkit4.

5.25 For the evaluation, we obtained 1% microdata samples of the 9 SA4 areas covering Greater Melbourne, which
fully encompass the 278SA2areas, under strict obligations not to share anydisaggregateddata. AnSA4 consists
of multiple non-overlapping SA2s. The person and household marginal distributions were same as before. To
generate SA2 populations with IPU based method we used the whole microdata sample of the corresponding
SA4 area and selected the best out of 20 runs as proposed by Ye et al. (2009). The number of IPU iterations
were also increased to 20,000 to allow the algorithm to achieve the 0.0001 goodness of fit level. For our algo-
rithmgenerating one population instance per SA2was deemed su�icient as there areminimal variations across
di�erent runs according to the table 13.

(a) Joint marginal distributions

Marginal distributions
Our IPU

H0 rejected
(p-value < 0.05) p-value > 0.95 H0 rejected

(p-value < 0.05) p-value > 0.95

Household level 0 271 156 52
Person level 2 273 14 202

(b) Independent characteristics

Independent
characteristic

Our IPU
H0 rejected

(p-value < 0.05) p-value > 0.95 H0 rejected
(p-value < 0.05) p-value > 0.95

Household size 0 278 4 233
Family composition 0 278 12 81
Relationship status 21 128 61 43
Sex 0 84 40 0
Age 1 273 36 14

Table 14: Ours vs IPU basedmethod - FT test results of 278 SA2s

5.26 The table 14a shows that 97.5% (271 out of 278) of the population instances generatedwith our algorithmhad p-
valuesover 0.95 at household level and98% (273) at person level, butwith IPUbasedmethodonly 52 (19%)SA2s
produced p-values above 0.95 at household level and 202 (72.5%) at person level. It is also important to note
thatmore than half (156) of the IPU generated populations are inconsistent at household level, while nonewith
our algorithm. At person level only 2 (0.08%) SA2s produced di�erent population with our algorithm, but IPU
basedmethod produced 14 (5%).

5.27 Brighton (Vic.) and Eltham are the two SA2s that have significantly di�erent synthesised populations of our
algorithm at person level. Their p-values are 0.029 and 0.002. The census distributions of all SA2s have dis-

JASSS, 22(1) 5, 2019 http://jasss.soc.surrey.ac.uk/22/1/5.html Doi: 10.18564/jasss.3844



crepancies between the number of persons required to form the households and the number in the persons
distribution, that in this two SA2s are, respectively, 436 and 557 persons, comparatively large numbers but only
about a 0.02% error considering each SA2’s population size. However, the algorithm has successfully handled
much larger errors in other SA2s. Another common observation is that Married and Children categories
are the highest contributors to errors in the synthesised populations. Further investigations are required to
understand the exact reasons why these two SA2s fail to produce satisfactory results.

5.28 In the table 14b we further analyse how well the two algorithms have preserved individual characteristics of
each jointmarginal distribution obtained from census data. Results show that ourmethod preserves the distri-
butions of individual characteristics comparatively better than the IPU basedmethod. Sex characteristic shows
weaker results inbothmethods, as a result of havingonly twocategoriesunder it causingerrors tobeprominent
when tested.

5.29 In general IPU basedmethod’s results reported here is weaker than reported by Ye et al. (2009). Apart from the
obvious di�erence of the two populations, our experiments are di�erent to them because: a) zero household
and person categories are not removedwhen synthesising the populations, b) a di�erent statistical test is used
and c) only impossible categories are removed from the statistical evaluation. It is also noteworthy that they
have reported detailed results of only two blockgroup areas though the populationwas constructed for amuch
larger area.

5.30 Current prototype implementation of the algorithm on average takes about five minutes for an SA2 on a com-
puterwith a Core i5 - 2.40GHzprocessor and 4GBRAM. This is slower than the 2minutes that IPUbasedmethod
takes for the whole population. While there is room to improve the e�iciency, the current implementation is
still usable given the high accuracy rate and the synthetic population has to be generated only once for any
simulation. The source code is available on Github5.

Discussion

6.1 The paper proposed an application independent heuristic methodology for reconstructing agent populations
with social structureswithoutdependingondisaggregateddata samples. Themethodologyconsistsof ageneric
framework for specifying application heuristics and an algorithm that uses the framework constructs to synthe-
sise the population. The main constructs specified in the framework are link rules, group rules and link condi-
tions. The group construction process takes binned data distributions from di�erent sources and produces the
population by forming group structures according to the heuristics specified through the three framework con-
structs. The main steps of the process are merging the data distributions with IPF using an abstract seed, con-
structing an initial estimate of the group structures in the population based onMonte Carlo sampling according
to input distributions, and improving the initial estimate using a combinatorial optimisation technique. Cur-
rently, the approach requires converting both distributions to the same aggregation level due its dependency
on IPF. Heuristics specifcation framework, however, does not have be in the same aggregation level.

6.2 Wedemonstrated theversatilityof theproposedapproachbyapplying it to twocase studies. The first onecaters
the interests in building integrated agent based models (Singh & Padgham 2014; Wickramasinghe et al. 2015),
by merging two populations from di�erent ABMs to obtain a consistent merged population. The second case
study constructs a synthetic population using Australian census data. These show that the proposed method
can be used in di�erent applications simply by changing heuristics via the framework without developing a
completely new program. Freeman Tukey’s goodness of fit test results indicate highly consistent results out
performing state-of-the-art IPU (Ye et al. 2009) based approach.

6.3 The main contribution of this work is the generic heuristics specification framework. It allows generating dif-
ferent populations by changing the population heuristics without changing the underlying population con-
struction algorithm, where as, existing sample-free heuristic population synthesis algorithms would require
re-writing population synthesis logic completely. Though a similar work is also discussed in (Wickramasinghe
et al. 2017), it does not elaborate the generic heuristic framework and the algorithm is di�erent to we have
presented here.

6.4 Using IPF tomerge data distributions is a common approach in synthetic population construction. However, in
this work, we approximate the seed to a matrix of 1s and 0s indicating possible and impossible cells. Lovelace
et al. (2015) experimentally show that initial weights in the matrix have no significant influence on the final IPF
outcome a�er 10 iterations. While it can be argued that the di�erence between the abstract seed we use and
the correct hypothetical seed is rather extreme than the seed errors introduced in Lovelace et. al’s experiments,
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our results suggest that the proposed abstract seed is still viable, especially given that there is no suitable dis-
aggregated data sample.

6.5 Future work will primarily explore on removing the constraint of having all the marginal distributions in the
same aggregation level by coupling the heuristic framework with amultilevel method like IPU and Hierarchical
IPF, or using the marginal distributions without merging them with a IPF like technique, similar to the proba-
bilistic selection method of Gargiulo et al. (2010). Additionally, we will also explore iteratively applying the al-
gorithm to construct populations ofmultiple hierarchies and complex group structures. Another avenuewould
be developing a domain specific language for specifying link rules, group rules and link conditions.
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1https://cran.r-project.org/web/packages/mipfp/
2www.abs.gov.au/ausstats/abs@.nsf/Lookup/2901.0Chapter23102011
3 www.abs.gov.au/ausstats/abs@.nsf/Previousproducts/2901.0Main%20Features702011
4https://github.com/UDST/synthpop
5https://github.com/denizens/freesyn
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