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Introduction

Map of general theories and disciplines of human 
behavior (Kwon & Silva, 2019). 

• Health behaviors are key drivers of disease trajectories

• ABMs from a range of applications 
traditionally ignore or and continue to oversimplify the 
human behavior component

Infectious disease dynamics with vaccination and varying contact reduction measures 
(Xia et al., 2013). 
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Objective

Develop and implement a data-driven agent decision framework for simulating 

emergent health behaviors in geospatial ABMs of infectious disease spread

Conceptualization of 
Agent Decision-

Making Framework

Development of 
Geospatial ABM of 

Disease Spread

Implementation of 
framework within 

ABM
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Methods Overview
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Agent Health Behavioral Framework

𝑝𝑡 𝑚𝑎𝑠𝑘 =
𝑂𝑅0 ∗ 𝛱𝑖𝑂𝑅𝑖

𝑋𝑖,𝑡  

1 + 𝑂𝑅0 ∗ 𝛱𝑖𝑂𝑅
𝑖

𝑋𝑖,𝑡  
, 𝑖 = 1, . . . 𝑛

Logistic regression model equation. 
Adapted from Durham and Casman (2012). 

Variables Odds-Ratio P-Value

Gender: Male 0.43 0.026

Income: > $70,000 2.47 0.032

Party:  Democrat 2.45 0.015

Race: White 0.29 0.035

Vulnerability: > 50% 3.57 0.006

Intercept: 4.54

Calculated odds-ratios from the utilized survey 
conducted by Rabin and Dutra (2021). 

• Determines how agents in a geospatial 
ABM make decisions about whether or 
not to adopt a specific health behavior
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Agent Health Behavioral Framework

Example of the functionality of the proposed agent behavioral framework. 
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Geospatial ABM of Disease Spread

• Simulates the spread of COVID-19 and masking behavior 
among the undergraduate population at GMU in Fall 2021

Architecture diagram of the geospatial ABM. 

Model environment of GMU’s campus 
in Repast Simphony (Malleson, 2012). 
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Geospatial ABM of Disease Spread

PARAMETER VALUE SOURCE
Campus Transmission Rate, Without Masks 0.08 (probability from 0-1) Calibrated from (Alvarez & Ford, 2021),(Gressman, & Peck, 2020)

Campus Transmission Rate, With Mask 0.04 (probability from 0-1) (Gressman, & Peck, 2020)

Off-Campus Transmission Rate 0.25 (probability from 0-1) (Gressman, & Peck, 2020)

Symptomatic Rate 0.85 (probability from 0-1) (Ogata, et al., 2022)

Exposed Period Normal Distribution of (4.41,0.5) days (Wu et al., 2022)

Pre-symptomatic Period 2 days (Reveil & Chen, 2022)

Infectious Period Normal distribution of (8.0,1) days (He et al., 2020)

Recovered Period (days) 90 days (CDC, 2020)

Infectious Agents at Initialization 0.5% (Brodsky et al., 2021) and GMU Internal Data

Recovered Agents at Initialization 3.5% (Fall 2021 COVID-19 Archive, n.d.)

Parameters used to simulate COVID-19

• Simulates the spread of COVID-19 and masking behavior 
among the undergraduate population at GMU in Fall 2021

Transition between 
SEIR disease stages.
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Experiments

IMPOSED HEALTH BEHAVIOR
Agents were assigned a specific 
percentage that randomly 
determines their mask-use behavior 

EMERGENT HEALTH BEHAVIOR
Agents can adapt their mask-use behavior based on 

their socio-demographics and perception of 
vulnerability to disease

There is a 0% 

chance I wear a 

mask! 

There is a 50% 

chance I wear a 

mask! 

There is a 100% 

chance I wear a 

mask! 
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Results

Average percent of infectious agent population across 40 simulation runs.

• The ABM was executed 40 times to address randomness 
• Executed with 5000 agents and simulated for 90 days 

Emergent Mask Behavior
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Discussion & Conclusion

• This study leverages the advantageous 
features of ABMs 

• The proposed approach allows us to 
assess the feedback between health 
behaviors and disease outcomes

• Using a logistic regression model offers 
flexibility, interpretability & collaboration

• Future work will explore a new study 
area and the emergence of health 
behaviors over geographic space

Comparing 
feedback 
mechanisms 
between 
disease 
outcomes 
and masking 
behavior with 
the emergent 
scenario.
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Thank you!

Questions?
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Contact Us:

Emma Von Hoene (evonhoen@gmu.edu)

Amira Roess (aroess@gmu.edu)

Taylor Anderson (tander6@gmu.edu)
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