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Abstract. Over the last two decades, there has been a growth in the ap-
plications of geographically-explicit agent-based models. One thing such
models have in common is the creation of synthetic populations to initial-
ize the artificial worlds in which the agents inhabit. One challenge such
models face is that it is often difficult to create reusable geographically-
explicit synthetic populations with social networks. In this paper, we in-
troduce a Python based method that generates a reusable geographically-
explicit synthetic population dataset along with its social networks. In
addition, we present a pipeline for using the population datasets for
model initialization. With this pipeline, multiple spatial and temporal
scales of geographically-explicit agent-based models are presented focus-
ing on Western New York. Such models not only demonstrate the utility
of our synthetic population on commuting patterns but also how social
networks can impact the simulation of disease spread and vaccination
uptake. By doing so, this pipeline could benefit any modeler wishing to
reuse synthetic populations with realistic geographic locations and social
networks.

Keywords: Agent-Based Model - Geographically-Explicit Agent-Based
Models - Synthetic Population - Python - Mesa.

1 Introduction

Over the last two decades we have seen tremendous growth in the application
of agent-based models in a diverse range of fields ranging from archaeology to
transportation [8]. In such models, the focus is on exploring how the interactions
of individual agents lead to more aggregate patterns emerging. While there are
many types of agent-based models, ranging from the predictive to the explana-
tory [16], one common theme in all models is instantiating an agent population.
However, the amount of detail needed to instantiate such models varies. For
explanatory models, the populations can be rather abstract and thus not re-
quire much detail (e.g., [19]). While for the more predictive models or some case
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studies, the agents need to be more detailed and grounded on the world around
them (e.g., [10,4]). However, simple models could also have detailed synthetic
populations. Thus, the argument we want to put forth here is that agent-based
modelers often spend a significant amount of time creating synthetic populations
to instantiate their simulations.

So the first aim of this paper is to demonstrate a method that can be used to
create geographically-explicit synthetic populations and show through a series
of applications how such data can be utlized. These applications are vignettes
of where location matters, for example how local interactions lead to the spread
of diseases or travel to and from work and the resulting traffic dynamics [8]. To
some extent, our argument is that if we are mimicking real geographic areas, the
agents should be based on what we know about the area of interest. This argu-
ment follows the notion put forward by Mandelbrot [15] if models are generating
spatial or physical predictions they must ‘look right’.

Initializing populations along with the geographic locations is not the only
important task in agent-based modeling, while determining whom the agents
interact with is also critical when building such models. Especially, agent-to-
agent interactions are one of the hallmarks of agent-based modeling, as it is
through such interactions that more aggregate patterns emerge. One way to
help foster interactions is through networks [1,11]. For example, it has been
shown that agents’ decision-making can be impacted by others who share the
same social network [1]. For example, how information diffuses is dependent upon
who one trusts (which we will come back to in Section 3.3). Social networks or
contact networks (i.e., who do you work with, who is in your family) are also
important with respect to how a disease spreads which we will show in Section
3.3. So our second aim of the paper is to demonstrate how social networks can
also be incorporated into the generation of synthetic populations.

While there have been efforts to create synthetic populations in fields such
as agent-based computational demographics [5] and microsimulation [6], such
synthetic populations seldom contain social networks (e.g., [17]) and they are
often built for the task at hand (i.e., one-off applications). Others have cre-
ated synthetic populations with social networks but at the expense of real-world
demographic information (e.g., [14,29]). The reusable synthetic population pre-
sented in this paper is intended to free modelers from the task of initializing
detailed populations, similar to the notion of how agent-based modeling toolkits
allow modelers to focus on what is important, such as developing the model
not the graphical user interface (GUI), or charting functions or scheduling agent
activities [7].

In what follows due to space limitations we briefly outline our methodol-
ogy with respect to creating our synthetic population and the general workflow
to instantiate our agents (Section 2). We then turn to several applications to
demonstrate how the synthetic population can be used to initialize a diverse
set of applications at different spatial and temporal scales and also how social
networks can be initialized from the beginning. Finally, Section 4 provides a
summary of the paper and outlines areas of further work.
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2 Methodology

In this section, we first introduce the process of the generation of the synthetic
population (Section 2.1) along with the demonstration of the resulting datasets
(as shown in Section 2.2). Then, we provide a pipeline on how to utilize the
resulting synthetic population datasets to initialize agent-based models from the
modeling perspective (see Section 2.3). Both the synthetic population generation
and the applications below were created in Python. We chose Python as it is
becoming one of the most popular programming languages, which allows us to
handle diverse types of geographic data and conduct various spatial analyses.
With respect to agent-based modeling, there is also a growing ecosystem of
using Python to build such models, especially those utilizing Mesa and Mesa-
Geo [13,27], but we would argue that there are only a handful of geographically-
explicit models that have been made freely available for others to learn from.
In addition, the applications shown below can further enrich the Python agent-
based modeling ecosystem and community.

2.1 Synthetic Population Generation

Figure 2 shows the processes of the generation of synthetic population, which
extends our previous work [12]. Specifically, in this work, we extend the pop-
ulation to the whole of New York State (shown in Figure 1) along with code
optimization and refinement. Basic model attributes for geographically-explicit
agent-based models require agents to have geographic locations throughout the
simulation, for example, home and work locations. Thus, when designing the
synthetic population for such models, it’s intuitive to use coordinate systems to
map the agents to specific locations, which includes the places for agents to live,
work or study. To some extent, we would argue that the geographic locations
of the synthetic population basically create the possibility for our application to
capture the changes of locations that mimic the basic patterns during our daily
activities, which will be shown in detail in Section 3.

To create the synthetic population, there are a total of 3 steps as shown in
Figure 2. The first 2 steps pertain to the creation of the geographic locations
of the agents. In Step 1, we identify the different road types from real road
network data (e.g., residential, secondary and primary) with GIS analysis. For
example, residential and secondary roads are identified to place home locations,
while primary roads are used to place workplace locations. We then created
individuals using synthetic reconstruction based on the 2010 US Census data
and grouped them into households (as 2020 data is still not available). In Step
2, individuals created in Step 1 are assigned daytime locations based on their
age, either work (i.e., work on-site and work remotely) or go to educational sites
(i.e., elementary, middle, high schools and daycares). The workplace information
was extracted from the U.S. Census Bureau’s Longitudinal Employer-Household
Dynamics (LEHD) Origin-Destination Employment Statistics (LODES) dataset
[23]. By using the workplace information, we assigned the workplace locations as
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Fig. 1. Census tracts within the study area
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Fig. 2. Steps of Synthetic Population Generation
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the daytime locations for adults from the synthetic population. As for the edu-
cational sites information (e.g., enrollments and locations), we use data sourced
from the US Environmental Protection Agency (EPA) Office of Environmen-
tal Information (OEI) [24] to assign younger household members to the closest
daycare/schools based on their age (e.g., daycare, elementary, middle, and high
school). Further details of this process is provided in our previous work [12].

As discussed above, our synthetic population contains geographic locations
by creating spaces on real road networks, while the other main component of
the population is their social networks. Within the agent-based model, social
networks are used to indicate whom the agent might interact with (see Section
1. In addition, social networks play an important role in information diffusion
and disease transmission in our applications. Thus, we created three types of
social networks for our synthetic population in Step 3 (shown in Figure 2). Social
networks are created based on (1) being in the same household, (2) working in
the same place, or (3) attending the same educational site. Household networks
are fully connected, while their family members’ educational and work networks
are generated using a small-world network theory [28] and ideas from Dunbar
[9] with respect to group sizes.

2.2 Synthetic Population Resulting Datasets

Figure 3 shows the results generated by the method described in Section 2.1.
Specifically, Figure 3(A) displays all individuals generated by our method; 3(B)
uses one census tract from the study area to show examples of households, work-
places and education locations on road networks; and 3(C) shows an example
household’s members’ social networks within one census tract. To display the
structure of the resulting datasets, Figure 4(A) shows a sample record extracted
from the synthetic population dataset and Figure 4(B) shows the sample of the
synthetic social networks extracted from the household network. Table 1 pro-
vides the basic information related to each resulting dataset. One point that
should be noted is the value of n in each social network dataset is different de-
pending on the size of a specific person’s social network, where the minimum size
is zero and the maximum size is 14 based on notions from Dunbar [9]. According
to 2010 United States Census [22], there were 19,387,102 people and 7,317,755
households in New York State. However, we found the number of individuals
in our synthetic population (i.e., 19,074,372) which is not identical to the 2010
US Census data. The reason being is that some tracts have inconsistent counts
with respect to the total numbers of males and females or some tracts with
group quarters like universities only record the total population and no further
demographic information.

2.3 Pipeline of Utilizing Synthetic Population Resulting Datasets

in Agent-Based Models

As noted above, one of the aims of our paper is to introduce a pipeline by demon-
strating how our synthetic population can be used in a number of applications.
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A: Indivi in the Synthetic Populati B: Example of Home, Work and School C: Social Networks Example from one
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Fig. 3. Synthetic Population Results: (A) All Synthetic Individuals; (B) Household,
Workplace and Educational locations within one Census Tract; (C) Agents social net-
works within one Census Tract.

: id ¢ age : sex : hhold ¢ htype : wp < geometry ¢ long * lat ¢
0 3602900011010 6.0 f 36029000110h335 5 3602900011050  POINT (-78.82896033753237 42.8319901673968) -78.828960 42.831990
1 3602900011011  54.0 f 36029000110h66 9 36029010700w572 POINT (-78.82684360311679 42.8441395511133., -78.826844 42.844140
2 3602900011012  27.0 m 36029000110h185 7 36029000110h185 POINT (-78.85573318586734 42.8396007892089.. -78.855733 42.839601
3 3602900011013  13.0 f 36029000110h335 5 3602900011050  POINT (-78.82896033753237 42.8319901673968) -78.828960 42.831990
4 3602900011014 28.6m 36029000116h186 7 36829000116h186 POINT (-78.83826068581105 42.8553576495999.. -78.838261 42.855358
A
¢ 8 1 : 2 + 3 : 4
0 3602900011010 3602900011033 360290001101250 3602900011011995 3602900011012356
1 3602900011013 3602900011010 36029000110i250 3602900011011995 36029000110i2356
2 36029000110144 4
3 360290008110153 44 4
4 36029000110158 40
(B)

Fig. 4. Sample of the Resulting Synthetic Population Dataset: (A) Synthetic Individ-
uals; (B) Social Network.

Table 1. Summary of the generated synthetic datasets (n differs in the size depending
on the network, n€0, 14]).

Dataset Size Format Dimensions Description
(rows x columns)
Synthe‘?lc 283 GB  .csv 19,074,372 x 9 Synt.hetlc individuals and thf\?lr dgmograph}c,
Population location, and work or educational information

Household Individuals and their members
Network 1.14GB .csv 19,074,372 x 13 live in the same household

Work Individuals and their members
Network 830 MB - .csv 8,583,382 x n in synthetic work networks

School 354 MB  .csv 3,375,721 x n Individuals and their members

Network in synthetic school networks
Daycare Individuals and their members
Network 94MB .csv 894,496 x n in synthetic daycare networks
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In this pipeline, we consider the resulting population datasets as input param-
eters to agent-based models. The workflow of inputting these datasets is shown
in Figure 5. In general, an Initialization function within an agent-based model
combines the different input datasets into one dataset that represents all agents
in the model. This function first extracts the information (e.g., AgentID, gender,
age, work and home locations) to create agents based on the Synthetic Popula-
tion from Table 1. Following that, the AgentID is used to find the social networks
from network datasets (e,g, household, work and educational networks).

As described in Sections 1 and 2.1, geographic locations and social networks
play important roles in agent-based modeling. This is also the case here, through-
out the simulation, along with the updating of the basic agents’ attributes, ge-
ographic location changes can also be captured based on the simulation time
step. In addition, the model directs the agents to change the interaction group
based on their geographic locations. For example, if one agent is employed, then
this agent will change its location from home to workplace during the daytime
and this agent will interact with the agents that are within the same work social
network. Due to the changes in the geographic locations, many types of dynam-
ics can be captured and analyzed by using our pipeline, such as capturing social
network changes or formation, tracing location changes and conducting contact
tracing of disease outbreaks.

s B s A
=] Input Parameters Model
Synthetic Population Results }{ Initialization of Agents
) Input
* Population _D * Combine input datasets into a whole dataset for model running
* Social Networks (Home, Work, * Create other attribute for agents based on the modeling purpose
Educational) Agont10 [Sox|Age|  Home Location | Daytme Locaton | Hosehala Network | DoVime Networc | other
* Daytime locations (Work, Educational) 360290001103,
i ), i, | s602901740013774,
360290001100 M| 6 (-78.82896033753237 3602900011080 | 56550000110i1995, 3602900011018,
s 42.8319901673968) o itage: | aso2s0174003768,
General Parameters 36029000600i4398
* Physical Road Network
3602994000260, | 360290001103,
... POINT 360209400001263, | 3602901740013774,
M |40 . 1108,
) 42,51433612766749) 3602994000152, | 3602901740013768,
L 3602994000011777 | 3602900060014398
s N - " N )
i Results Visualization
% Collect Model Results @ Model Main Functions
'MN"""‘ " I I I * Agent’s network changes * Loop through the agent dataset from
— ‘Output * Agent’s location changes overtime Initialization function
l * Agent's other attributes changes * Execute the behavior function(s) for
" * Export Model Results for further each agent within the dataset
N analysis
y, \ J

Fig. 5. Pipeline of Utilizing Synthetic Population Resulting Datasets in Agent-Based
Models

3 A Gallery of Applications

As discussed in Section 1, three different geographically-explicit agent-based
models with various spatial and temporal scales have been built by using the
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synthetic population generated by our method (see Section 2.1). This section will
briefly introduce the design and structure of each model along with a sample of
simulation results to demonstrate the flexibility and utility of our synthesized
population. Section 3.1 introduces a traffic dynamic model that simulates the
morning commute in the Buffalo urban area and Section 3.2 shows a disease
spread model in Eire County. Models from Section 3.3 also use Eire County as
the study area, but it simulates the people’s opinion changes on the COVID-19
vaccination. All models are built using Python to build geographically-explicit
agent-based models. In addition, we choose to share all models at: https://
github.com/njiang8/abm-3-application, which will potentially provide the
research foundation for those who share similar research interests.

3.1 Commuting model, Erie County

Commuting is a feature of our daily lives, which refers to going to and from
work. Through daily commuting, we can wittiness rush hour traffic and other
forms of congestion. As the synthetic population has home and work locations
it is relativity straightforward to use this information to initialize a commuting
model. Here we just show a simple example that simulates the daily commute
of residents living in one census tract from Erie County of New York State and
captures their location changes through the simulation (i.e. commuting, at home,
at work or at an educational site).

Input Parameters Model

(General Parameters Initialization of Agents

Input| ine i i i
« Travel Speed p « Combine input datasets into a whole dataset for model running

« Physical Road Network * Create other attribute for agents (e.g., Location Status, Commuting
Path)

A 4

\

e x | Age iome Location aytime Location | Other
Agent ID Sex | Age Home Locati Daytime Locati P

(- " -
Synthetic Population Results M POINT (76,82896038753237

3602900011050

* Population

Input|

* Social Networks (e.g., Home, Work, :
Educational, Cyber)
| yoer w | o o
Model Results Collection and Visualization |  ( Model Main Functions |
* Agent’s Location Changes | Agent Behaviors |
* Collect the Number of Agents with Different Location « Commuting along the Physical Road
Status Network
* Update Location Status (commuting,
at home and at work or at school)
\ J

Fig. 6. Erie County Commuting Model

Figure 6 shows the structure of the model, the process is that the model
takes the synthetic population dataset as the input to calculate the commute
path using an A * algorithm based on home location and daytime location (e.g.,
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work). The model moves the agents on the physical road network based on the
travel speed and the commute path. One step in this model represents 5 minutes,
in which the model updates the agent location on the physical road network and
location statuses. At the starting point of the model, all agents’ location status
are at home, which we assume the model starts at 5:55 am. When it is the
turn for a specific agent to commute, this agent’s location status will change
to 7 commuting”. To determine the time for the agent to start commuting, we
randomly assign a time using a normal distribution between 6 am to 9 am for
agents to start their morning commute. When the agents reach their daytime
locations (e.g., work), their location status will change to ” at daytime location”.
In addition, we assume all agents spend eight hours at their daytime location,
thus, the afternoon commute will start eight hours after the agents reach their
daytime locations. Similarly, when agents reach home, their location status will
change back to ”at home”. Figure 7 shows the daily location status changes
captured by the model, which can be considered as one of the general patterns
of life we see within cities (e.g., home and work commute).

—— AtHome —— AtDaytime Location Commuting

Population
ER ]

2

K}

5:55 am 10 am 2pm 6 pm 12am
time t

Fig. 7. Location Status

3.2 Large Scale Disease Spread Model

Over the last few years, COVID-19 has drawn attention around the world. To
better understand the spread of different threads of COVID-19 and prevent
future diseases that would be similar to COVID-19, we utilize the synthetic
population and its social networks to build an agent-based model to simulate a
COVID-like hypothetical disease spread through different social networks (i.e.,
home, work and education). With these social networks, the model can be uti-
lized to conduct contact tracing. In addition, different types of viruses can be
introduced to the model, which allows us to capture different disease dynamics
within one model.
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Input Parameters
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Incubation and Recover Periods) Incubation, Health Status) C:] THEN,
AgentID | Age| Hosehold Network | Davtime Network | Other Change to EXPOSE
Educational) (Work, i il T
J 3602900011013, | 360200001102, " "
secasocorion | 6 | 2002200011020, | *TioGGonGl Model Main Functions
(. : " 360290001102356 | J5022017 400766 !
Synthetic Population Results 36029000600K596
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* Population > Ly — Time and
35029940000280, | 360290001103,
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L , IF,
Model Results Collection and Visualization Exposed Agents Reach
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* Agent’s Health Status Change the Virus
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* Overall Disease Dynamics (SEIR Results) Change to Infectious
* Contact Tracing through Social Networks «
* Accumulative Exposed Locations IF,
Infectious Agents Meet
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THEN,
Change to Recovery or
Dead

RN

(o)

Fig. 8. Large Scale Disease Spread Model Structure.
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Fig. 9. Disease Model with Contact Tracing via Social Networks.
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Figure 8 shows the agent-based disease model’s components and how the
model takes the synthetic population and its social networks as the input for
initialization. The model takes our synthetic population dataset including its
social networks as input parameters along with other parameters related to a
hypothetical disease (e.g., RO, incubation and recovery period) for initialization.
Then, a Susceptible-Exposed-Infectious Removed (SEIR) model is integrated
into the agents to represent their health status. In this model, one time step
represents eight hours, where one day is divided into 3 time periods (i.e., at home
(either sleeping or getting up), being at work (or going to school, and being back
at home). In each time step, the agents interact (i.e., spread the disease or get
infected) through their networks. For example, while at work, agents will only
interact with agents in their work network. While agents are at home, they only
interact with their household network members. When the disease is spreading
within the model, the model has been programmed to trace the sources of the
disease. For example, the model can track the agents who caused other agents to
be infected through interactions among their social networks. In this model, two
agents are randomly selected as infected at the start of the simulation. Figure
9 shows the contact tracing captured by the model, while Figure 10 (A) shows
the disease dynamic of two diseases, while Figure 10 (B) displays the exposed
and infectious dynamics for both diseases.

3.3 Vaccination Model for Erie County

Vaccination is one of the most efficient approaches to mitigate the spread of dis-
ease, especially, when preventing some newly discovered diseases like COVID-
19 [18]. In this model, we simulate the first dose of the COVID-19 vaccina-
tion progress within Erie County based on how people’s vaccination opinions
change which is impacted by their social networks. Besides the traditional social
networks (e.g., household, education and work), we also added a cyber social
network for agents to represent online communication interactions (i.e., social
media). To build the cyber social networks, we identified social media users for
both teens and adults based on their demographic attributes such as age, gender,
and location [2,25]. Then, we generated a scale-free network among social media
users to match the characteristics of the cyber networks found by other studies
[21,3)].

Figure 11 shows the structure of this model, where the model takes the syn-
thetic population and the network described above as the input to initialize the
simulation. In addition, parameters related to vaccination progress, such as ini-
tial opinions and susceptibility to vaccination are also added to the model. In
this model, one time step represents a week. In each time step, agents interact
with their neighbors from different social networks and update their opinions
toward vaccines and calculate the probability of getting vaccinated. Then the
agents decide whether to get vaccinated or not. The model captures the overall
vaccine rate for all agents and agents under various age groups. With respect
to the opinion changes toward vaccination, different social networks impact the
agents’ opinions with different weights. Through the experiments, assigning a
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Fig. 10. Disease Dynamics for Two Diseases.
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Fig. 12. Simulation Vaccination Rate v.s. Real Vaccination Records: (A) All Popula-
tion; (B) Different Age Groups of Population

higher weight to traditional social networks (i.e., household and work or edu-
cational) than cyber social networks allows the model to generate results that
are more aligned with the real-world situation. Specifically, we found when giv-
ing equal weight to the household, work and educational social networks and a
lower weight on the cyber social network (e.g., one-third of their household and
work or educational social networks weights) produce results that are aligned
to the actual vaccination rates of Erie County. Figure 12 (A) shows the simu-
lation vaccination rate compared with the real vaccination rate of Erie County,
where the simulation results are 8.8 % lower than the real vaccination rate. Due
to the synthetic population having age attributes, this model can capture the
vaccination rate of different age groups (shown Figure 12 (B)).

4 Summary and Outlook

In this paper, we have introduced a method that creates a reusable synthetic
population dataset with social networks, which builds upon our previous work
[12] but extended to the entire state of New York. In addition, we have demon-
strated a pipeline of utilizing the population dataset and social networks can be
used to initialize agents for a diverse range of applications at different spatial
and temporal scales. For example, the simulations of commuting (Section 3.1),
the spread of different diseases (Section 3.2) and the vaccination process (Section
3.3). At the same time, these models also contribute to the growing ecosystem
of Mesa-Geo models [27].

The synthetic population generation method and the applications presented
in this paper are based on New York state. However, one of our current works is
using the same method to create a synthetic population dataset in the state of
Missouri for other agent-based modeling applications (e.g., [26]). Furthermore,
we would like to extend this method to the whole of the US. The idea of creating
a reusable synthetic population could also be used to populate digital twins or
more aptly digital shadows [20] as we do not think that the agents would actually
drive the system with a two way flow of information like in digital twins but to
populate the digital models such as 3D cityscapes with realistic agents.
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Looking ahead, one area of research is to add to the basic synthetic popula-
tion, for cyberspace types of networks like we have shown in Section 3.3 as this
would allow for further explorations into models that span the cyber-physical
realm such as opinion dynamics and voting styles of models. It should also be
noted that while we have established household, working and educational net-
works, we have omitted purely social connections. Our rationale for this is that
such networks could emerge from the modeling application (e.g., as in [14]). We
chose not to do this here, as the focus was on generating a baseline synthetic
population that can be applied in different applications. Even with these areas
of further work, we hope this paper has demonstrated the utility of geograph-
ically explicit synthetic populations and how the same population can be used
in diverse applications.
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