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Abstract Inrecent years, the use of agent-based modeling to tackle complex societal
issue has led to the massive use of data to better represent the targeted system. A key
question in the development of such models is the definition of the initial population.
If many tools and methods already exist to generate a synthetic population from
global and sample data, very few are really used in the social simulation field. One
of the major reason for this fact is the difficulty of use of the existing tools and the
lack of integrated tools in the modeling platforms used by modelers. To tackle this
issue, we present in this paper a new generic tool, called Gen*, allowing to generate,
localize and structure by a social network a synthetic population, directly usable
in the GAMA agent-based modeling and simulation platform through its modeling
language. The paper presents in details the three components of Gen* (generation,
localization, structuring) as well as their use in the GAMA platform.
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Introduction

Agent-based modeling has become a major approach to study complex social systems
and is now used in more and more domains (e.g. geography, ecology, sociology,
economy). This boom has also led to the development of more grounded models,
passing from a KISS [1] to a KIDS [2] approach. This transition was also favored
by the availability of data. Indeed, we are now in the Era of Big Open Data where
the quantity and the diversity of data like demographic data, GIS data and social
network data is quickly growing. It is now possible to follow a Data-driven simulation
approach [3] which aims at building the model from the available data. However,
using such an approach requires to have tools to ease the creation, replication and
exploration of descriptive social system models.

The paper focuses on a specific aspect of the integration of data in simulations that
concerns the initialization of the simulation, and more particularly the generation of
the initial population of agents. In order to be more realistic, agent-based models
need to integrate agent population that more precisely represent target population.
The question of the representativeness of the synthetic population (SP) does not only
concern the distribution of the entities attributes, but also the entity localization as
well as their connection between each other. Unfortunately, generating a structured
and spatialized population of agents from diverse sources of data is a complex task
that is out of scope of the main modeling platforms. We aim thus at filling this lack
by proposing a new tool, called Gen*, integrated in the GAMA platform, that makes
it possible to easily generate a synthetic population that reflect the distribution of
attributes, spatial distribution and connection between entities.

The paper is organized as follows: section “Realistic Synthetic Population for
Agent-Based Simulation” presents the context of this work, i.e. the generation
of synthetic populations. section “Principles of Agent Population Synthesis Using
Gen*” is dedicated to the presentation of the general principles of the Gen* tools
and section “Integration into the GAMA Platform” to its integration in the GAMA
platform. Lastly, section “Conclusion” concludes and presents perspectives.

Realistic Synthetic Population for Agent-Based Simulation

Synthetic Population Generation

The approach that have been most studied is based on the idea of Synthetic Recon-
struction (SR) [4] and consists in building populations through the random generation
of individual characteristics. The created entity is then seen as a vector of values—
e.g. {blue, 1.75, 35, male}—that represents the individual characteristics for each
attribute—e.g. color of the eye, height, age and gender respectively. This process is
usually conducted by drawing attribute values either from the available distributions
[5] or from an estimated joint-distribution based on techniques such as the Iterative
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Proportional Fitting (IPF) algorithm [6], simulated Markove-Chain [7] or bayesian-
based estimation techniques [8]. The available data to based distribution upon, as
well as the algorithm used to sample characteristics, will decide whether individual
vectors are drawn at once or by gathering separately drawn characteristics.

When a sample of the target population is available, the generation process can take
the form of a replication of individual records. The created population is then made of
duplicated vector of characteristics taken from real individuals. This second approach
is referred to as Combinatorial Optimization (CO) [9]. The process usually starts with
a random initial set of individual records and then add and/or swap individual(s)
drawn from the sample any number of time needed to fit required final states [10].
In fact, the replication of known real individuals is driven so to fit macroscopic
descriptors, which can be the required size of the population or available aggregated
data e.g. a certain proportion of male and female or a certain distribution of age. Any
kind of optimization algorithm can be used to manage the selection of newly drawn
entities of the population, and several have already been used, e.g. greedy heuristics
[11] or genetic algorithms [12].

Synthetic Population Localization

The localization of synthetic entities in agent-based simulation model is a concern
as far as the goal is to put them into a realistic spatial word. To this extends, modelers
must rely on GIS to create the context to locate agents in. Dealing with spatial
data, several methods are classically used to desegregate population distribution of
attributes to any number of scattered sub-zones. Most of them have been developed in
the context of aggregated demographic data at regional level that has to be ventilated
across smaller scale areas. To this purpose, census centroid data [13], dasymetric
modeling [14] or a combination of those methods [15] have been mostly used.

To sum up, two main steps can be used to address the localization problem:
the first one referred to as Areal interpolation, consists in translating data from
aggregated areas to more precise ones. This type of method uses ancillary data to
refine aggregated data originally given at a coarser level [16]: entities characteristics
are put into correlation with spatial characteristics, making satellite imagery, land use
or land cover explanatory variables of the spatial distribution of entities attributes.
For example, [17] use dasymetric mapping to study U.S. wide racial segregation at
a high resolution (90m? cells) combining population density at district level, and
fine grained ancillary satellite imagery and land cover. The second step referred to as
Explicit localization, consists in providing individuals with a precise location, that
could be a coordinate (x, y) or a geographical object (e.g. a building). Very few has
been done on this aspect, as mention in [18].
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Synthetic Population Social Network

According to arecent survey in the social simulation field [19], most models proposed
in the domain that actually include a social network component to organize the agent
population are using very simple and abstract models, i.e. regular, random (ER),
Small-world, Scale-free. Two evident reasons for this concern are, on the one hand,
the lack of available data concerning social networks on the targeted system (such
data are expensive to acquire), and on the other hand such simple models are quite
easy to implement and control through a limited number of parameters. Therefore,
and even if several advanced social network generators, that could be appropriately
used to generate synthetic social networks (such as [20, 21]) exist, they are not
sufficiently solicited due mainly to the learning cost to master such tools. Therefore,
whereas it is largely acknowledged that simple models are a poor approximation
of real social networks [22], they are still largely used. The evident alternative to
these models concerns the implementation of ad hoc networks including hypotheses
specific to the modelled domain. Following this trend, one of the most advanced
initiative concerns contact networks in the field of epidemiology and are strongly
dependent on the previous steps in the synthetic population generation: links in the
network corresponds to significant properties to interact (i.e. propagate the virus)
which is assumed to depend on household relations, schools and workplaces which
are generally generated at the localization step.

Principles of Agent Population Synthesis Using Gen*

In this section we present the capabilities of the open-source Gen* library.' The main
repository is made of four components: the core API that define the main concepts
and overall meta-model of population, entity, attribute and value; the gospl API that
encapsulate data harmonization, generation algorithms and synthetic population val-
idation indicators; the spll API responsible of synthetic entity localization, including
areal interpolation, explicit localization and spatial binding; and finally, the spin API
that contains network generation algorithm between synthetic entities.

The framework have been design so that each API only rely on main concepts
define in the core library, makes it possible for users to work only with generation,
localization or network creation independently. Furthermore, the library contains a
repository with example applications to previously generated population for the city
of Rouen and Bangkok.

Thttps://github.com/ANRGenstar.


https://github.com/ANRGenstar

18 Gen*: An Integrated Tool for Realistic Agent Population Synthesis 193

Generation of Synthetic Population

Gen* makes it possible to generate a SP from samples and/or aggregated data.
Before the generation process per se, and because demographic data can be diversely
recorded, the available input information need to be harmonized [23]. Hence, using
a unified representation of data about synthetic population, algorithms can be used
in order to make the best of available information: in fact, Gen* makes it possible to
generate a synthetic population from any type of data, with or without a sample, only
based on aggregated data or a mixed between aggregated and sample data. At the
end of the generation process, Gen* provides several indicators to asses SP quality.

Data harmonization Our proposal consider two types of input data: aggregated
frequency or contingency and sample of population. The first one is transposed into
a sparse multi-dimensional matrix with one dimension for each described attribute.
The second source of data is considered to be a population of entity and can be treated
as a SP, making a sample readily usable as an initial population of agent.

Both type of data are manipulated through input files in csv or excel format. In
order for Gen* to read data, modelers needs to create a configuration. The library
provide several features to build and store it in a JSON file that includes: input data
files path, type of data for each and a description of all attributes (type of value,
encoded form).

To ease the accessibility of data, Gen* provide a dictionary template in order
to directly read data from known sources. We can find two templates that allows
to ease the use of data from IPUMS (data-base of demographic data for more than
100 country around the world) and INSEE (french national institute of statistics).
The schema can be extended to include any kind of pre-formated demographic data
simply by defining the proper dictionary for Gen* to directly read files from any
sources.

Methods Gen* has support for SR and CO based algorithms. They have classically be
split into sample—free and sample—based techniques, mainly because the later needs
as a stringent requirement a sample while the former only needs it when performing
joint-distribution estimation.

For the first category, as default method, we provide direct sampling from known
distribution, or as a refinement a hierarchical sampling that organized attributes in
a graphical model with the ability to tune parameters of the Bayesian network [24].
When a sample of the population is available, modelers can use the IPF procedure
to estimate the underlying joint distribution to be used in the sampling phase (see
[25] for a recent critical review of the techniques and implementation issues). In all
cases, we provide three sampling algorithms either linear, binary or alias search to
draw individual vector of characteristic from the conditional, hierarchical or joint
distribution respectively.

The alternative CO based techniques is also available with several optimization
algorithms to choose from. In order to setup CO algorithms one must define several
meta-parameters. First for the starting population, modelers can choose either to
use the sample or to draw a defined number of records from the sample. Next, we



194 K. Chapuis et al.

consider a synthetic population to be a solution and searching through neighbor
solutions involve swapping any number of individual. Modelers can choose either to
elicit records randomly or in order to shift on one dimension of the distribution of
attribute (e.g. swap two individual record that only differ on one attribute). At the end,
modelers must define the fitness function that can rely on any quality indicators define
in section Indicators. Ultimately, Gen* provides several optimization algorithms that
can be used to monitor the CO process: random search, hill climbing, tabu search
and simulated annealing.

Indicators Basic principles of quality assessment of generated SP implies a com-
parison between output population aggregated data and available data about targeted
real population. Gen* provides state of the art indicators that can be split into two
types of distance metrics: the index focusing on categorical distance and those that
target continuous distance. In the first category we can mention the Total Absolute
Error that count the number of misclassified records [9]. It is used thanks to its sim-
plicity of computation, and also preferred in CO algorithm to compute fitness [10].
The second type of indicator features classical average indicator, namely Relative
Average Percentage Difference and Standard Root Mean Square Error that focus on
aggregating relative distances over the distribution of attributes [26]. Last, we imple-
ment an indicator that does the trade off between categorical and continuous distance
metric: Relative Sum of Square modified Z score [27]. This index is based on the X’ 2
and take into account both misclassified entities as well as relative difference in the
distribution of attributes.

Localization of Synthetic Population

Gen* provides as well many tools to localize a synthetic population. We describes
here the main principles of this localization, but more details can be found in [18].
The synthetic population localization tool of Gen* comprises two different while
close processes: the first one, called nesting process, concerns the actual localization
of each entity, e.g. assigning to each entity a “home place”, i.e. a geographical object
(building, area, etc.) referred as a nest and a coordinate in this nest; the second
process, called biding process, enables to associate different spatial objects to the
entities of an already localized population (e.g. a workplace).

Data requirements The only mandatory data to provide is a geographic file specify-
ing the geographic objects on which Gen* will locate the entities (nesting). We have
made the choice to explicitly locate the entities in spatial objects so that each user can
define the location best suited to the needs of the model: the nest can be buildings,
cells of a raster file or even simply a polygon representing the limits of the studied
system. The modeler can also provide other data to the localization process, such as
“mapping” data, to create a link between the population entities and geographical
objects, e.g. the number of people per administrative region. As a refinement, it is
possible to input any kind of spatialized data that will monitor the areal interpola-
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tion methods. Those data are commonly refereed as ancillary data and can be raw
satellite imagery, land use or land cover, either raster or vector data.

Methods

Nesting process: The nesting process consists of connecting each entity of the pop-
ulation with a nest, and to define a location in this nest. In order to achieve a more
realistic specialization of the entities, Gen* allows the modeler to define spatial
constraints to filter possible nests. Gen* integrates three basic types of spatial con-
straints: geometric, contingency and density. In addition, Gen* enables as well to
define spatial constraints on the location of entities, such as a maximum distance
from roads or point of interest (POI). If the constraints do not find an appropriate
nest (over-constrained), they can be released. More precisely, for each constraint, a
relaxation process can be defined as well as a maximum relaxation function which
defines to what extent the stress can be relaxed. When multiple nests satisfy all the
constraints for an entity, Gen* uses a distribution function to choose one. Gen* pro-
vides the modeler with three predefined distribution functions: uniform distribution,
area distribution and capacity distribution.

In addition, in order to facilitate the localization process, Gen* provides the mod-
eler with a tool to generate a contingency map or a density map from raw input
data or by using statistical learning techniques such as regression. Available areal
interpolation techniques make possible to infer a spatial distribution of entities and
attributes from the initial mapping data and any ancillary data. Then, it can be used
to allocate entities according to it, together with the aforementioned constraints.

Spatial binding: Gen* enables to link a set of geographic objects to each entity.
This linking process is very close to the nesting process: the principle is to choose
for each type of link (for example, workplace, school) a geographical object among
a set of possible places. To do this, Gen* uses a combination of spatial constraints
and a spatial distribution function. Since it is often necessary to link features with
geographical objects close to their place of residence, Gen* offers the possibility
of defining a distribution function according to the distance between the entity’s
location and the spatial objects such as the gravity model. Distribution function can
also take into account the attributes of agent and places to bind them according to
user define Bayesian rules.

Social Network in Synthetic Population

Following the observed situation in the social simulation domain [19] that is that
69 percent of the published papers using social networks generation were actually
relying on basic abstract models. Gen* enables modellers to access such generic
generation models. More precisely, Gen* integrates methods to generate:

— regular lattices: either 1D or 2D lattices, with the possibility to adjust the degree
of the nodes in the 1D case;
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— random networks: following the Erdos-Rényi model and enabling to play on the
probability of connection among individuals that actually controls the network
density as well as the average degree of the network;

— small-World networks: using the beta-model of Watts [28] that has two main
parameters, the degree of the 1D lattice used as the starting structure and the noise
beta added to the lattice. The latter corresponds to the probability of randomly
rewiring a link in the network;

— scale-free networks: using the preferential attachment model [29] that allows to
control the network density as well as the slope of its power-law distribution of
degrees.

Apart of such solutions, Gen* facilitates the building of ad hoc networks. Indeed,
it provides access to the properties of each generated individual and their location
(following the preceding steps in the generation process of the synthetic population)
enabling therefore to build spatial networks (based on the location of individuals) or
pl social networks [30] (based on the individuals’ attributes and homophilic rules).

Integration into the GAMA Platform

The main motivation of the Gen* project has been to provide tools to generate a syn-
thetic population for agent-based models. Reviews of the literature in the JASSS?
journal have shown both for synthetic population [31] but also for synthetic networks
[19] that synthetic populations are rarely used in agent-based models for social sim-
ulation. When it is the case, the algorithms used are often very basic. We argue that
areason is that these tools are not easily accessible for modelers, in particular when
they are not computer scientists or mathematicians. We thus argue that it is neces-
sary to integrate such a tool inside an agent-based modeling tool to ease its use. In
this paper, we choose to extend the GAMA modeling and simulation platform? [32,
33]; we choose this platform as it manages very well the spatial data and because
it is particularly well-suited to develop large-scale models, in which the synthetic
population generator library Gen* is particularly relevant.

The GAMA platform is a generic agent-based modeling and simulation tools
which provides a dedicated modeling language (GAML) specifically designed for
any modeler to build his/her own model. Its main features are to integrate very
easily spatial data (vector and raster), to be natively multi-level and designed to
support large-scale models with a huge amount of data. It also provides many tools
to design participative simulations [34]. It benefits for a very dynamics community
of developers and users and is used worldwide.

Zhttp://jasss.soc.surrey.ac.uk/.
3http://gama-platform.org/.
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// Define the population generator
gen_population_generator pop_gen;

// Set the generation algorithm
// Here it will be the Direct Sampling
pop_gen <- pop_gen with_generation_algo "I5";

// Set the individuals attributes and their possible values or range of values

// Here indivduals have an age (integer value) and a cuuch status {amon g SLnglc or couple)
pop_gen <- pop_gen add_attribute("? , gen range, ["¢ = i

pop_gen <- pop_gen add_attribute("Cou ", string, [ jle”, "couple ]],

// Set the constraints in terms of localization
// Here agents will be located in buildings
pop_gen <- pop_gen localize_on_geometries("../data/shp/bu . ¥

// Set the social networks linking individuals
// Here the neighbourhood ncTwnrk is gonor1ted as a spatial proximity graph
pop_gen <- pop_gen add_network(" irs","spatial”,500.0);

// Creation of 108 (localized) agents from this population generator
create people from: pop_gen number: 18@ ;

// Generate the graph of neighbours
pop_gen <- pop_gen associate_population_agents(people);
graph<people> graph_neighbours <— pop_gen get_network("neighbours");

Fig. 18.1 Example of GAML code illustrating the three aspects of the Gen* population generation

We developed an extension to the GAMA platform,* which extends the GAML
language to allow modelers to create the synthetic population, to locate it and to
structure it in a social network directly using the modeling language. An example
of code is provided in Fig. 18.1 and the Fig. 18.2 illustrates a more complex gener-
ated population (agents with 5 attributes, located in buildings, mapped using IRIS
demographic data, and structured using two social networks). The principles of the
integration are the following ones:

1. Creation of the population generator and its configuration with a generation algo-
rithm (Direct Sampling in the example), the individual attributes of the population
to be generated (age and sex in the example), the constraints in terms of localiza-
tion (in buildings in the example) and the social networks that can be generated
(a spatial network in the example);

2. Creation of a chosen number of agents of a given species® generated and located
using the population generator;

3. Creation of the social network(s), once this population of agents is created.

We argue that providing such a tool directly in an Agent-based platform will
ease the use of SP in agent-based social simulation. Modelers will thus be able to
generate a population within modeling environment and to make use of it directly in
the simulations. Furthermore, it can help the modelers to run batch exploration over
the synthetic populations in order to assess its impact on the simulation results: e.g.
to analyze the effect of population size keeping distribution of attributes constant

4The extension can be directly downloaded from GAMA 1.8 at the https://www.irit.fr/genstar/
p2updatesite/.

SSpecies is the GAML keyword representing a kind or a class of agents.
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Fig. 18.2 Example of a population composed of 100 agents generated with 5 attributes (age, CSP,
sex, couple and iris) from INSEE data, localized on IRIS inside buildings and linked through 2
social networks (a random network and a proximity network)

or tune the structure of the population according to user define hypothesis on the
distribution of attribute.

Conclusion

In this paper, we presented Gen*, an integrated synthetic population generation tool,
that can be used in the generic agent-based modeling and simulation GAMA platform.
We tried with Gen* and the GAMA plug-in to provide a powerful tool, but at the
same time, an easy one to use and adapt to many applications, either in terms of
entities to generate or in terms of data used. A first encouraging result is that Gen*
is already used in several projects dealing with different applications: evacuation of
an urban area evacuation facing hazards [35], diffusion of vegetarian diets, study of
urban congestion and pollution emission in the city of Dijon [36], etc.

In terms of perspectives, many new features are already planned. The first one
concerns the possibility to define multi-level populations (e.g. households composed
of individuals). Indeed, in its current version, Gen* does not enable to generate such
populations whereas many case-studies require to take several levels into account.
To face this issue, we plan to implement several new algorithms: some that rely on
a layer flattening process coupled with classical SR methods (e.g. IPU [37] or HIPF



18

Gen*: An Integrated Tool for Realistic Agent Population Synthesis 199

[38]) or using mixed strategies that make use of CO algorithm to match up layers of
SR based generated entities [39, 40].

Another perspective concerns the definition of more complex social network,

mixing classic structures (small-world, scale-free, etc.) with other information such
as the agent attributes and their localization.
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