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Abstract 
The pathways from climate change and related disasters to health outcomes can be 
conceptualized as direct (primary), or indirect (secondary or tertiary).  How these pathways 
impact the health of a given population are the result of complex interactions between climate-
induced forcing functions, non-climatic environmental risk factors, community socio-economic 
structures and processes, and the health attitudes and behaviors of individuals and groups.  These 
interactions vary by place and over time to create a complex mosaic of health risks.  To address 
the complexity of the consequences of climate change across space and time, planning and 
policy approaches have typically used post-hoc analyses and have extrapolated relationships 
temporally without the ability in most instances to account for new contextual conditions at a 
place. 
  
The focus of this handbook chapter is to describe and to illustrate how agent-based modeling of 
synthetic populations could be used to create reasonable scenarios of current and future health 
risks associated with climate change and related disasters. As an example of the utility of the 
platform, we estimate extreme heat exposures of individuals in one region of the United States.  
Additionally, we give examples of further applications of synthetic population modeling for 
assessing health risks following an acute natural disaster, such as a hurricane or earthquake.  
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Introduction 
 
Climate change is exacerbating many extreme weather events, such as extreme heat events (Luber 
and McGeehin, 2008), hurricanes (Mann, et al., 2009), droughts (Allen, et al., 2010), and more 
(Diffenbaugh, et al., 2005). These changes are having important, but incompletely understood, 
impacts on human health (Patz, et al., 2005). The impact of climate on human health is mediated 
by human activities, behaviors, and mobility, which are highly complex (Giannotti et al., 2011). 
These patterns are contingent upon the interactions between demographics, geography, quality of 
the health care system, and the built environment of a region. Agent-based simulations have 
emerged as a data-driven, bottom-up methodology for modeling the complexity of this problem 
(e.g., Karner et al., 2015; Marathe et al., 2014). Here we describe a particular approach to large-
scale high-fidelity agent-based modeling, known as synthetic population modeling (e.g., Marathe 
et al., 2014) and show how it can be applied to disaster modeling, with heat exposure as a concrete 
example. 
 
Events like hurricanes have high visibility and substantial resources dedicated to preparation and 
planning. This leads to more overt behavioral adaptation by the population as well. On the other 
hand, phenomena like extreme heat events, which can also lead to significant health harm, do not 
see the same level of behavioral adaptation, partly due to limited recognition of the seriousness of 
the problem, and partly due to limited flexibility in work schedules etc. (Graff Zivin and Niedell, 
2014). However, it is necessary to model population activities and mobility to understand heat 
exposure risk, because, e.g., urban heat islands can be in work locations, far from residential areas, 
(Shandas et al., 2019) which makes it difficult to assess risk based on home location data alone. 
 
In this article we present a framework for effective planning in response to complex hazardous 
events.  The hazard in this case is exposure to extreme heat as a health risk.  We discuss the 
relative advantages for both research and policy-planning purposes that are gained through the 
use of an agent-based model that uses synthetic population data.  Initially we discuss why 
extreme heat conditions constitute a complex disaster from a human health perspective.   We 
follow that with a detailed description of the structure of our agent-based model.  Next, empirical 
evidence of the model’s applicability for measuring potential heat exposure for the state of 
Alabama is explained.  We end with a discussion of how our approach can be enhanced in the 
future to provide even greater utility for creating policies and strategies for coping with complex 
hazardous events such as extreme heat.   
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Complex Disasters, Climate Change, and Health 
 
To think constructively about addressing complex disasters from a planning perspective requires 
a clear definition of disasters and an understanding of what constitutes complexity in a disaster 
context.  Numerous definitions have been proposed, but the one offered by the United Nations 
International Strategy for Disaster Reduction (UNISDR), seems particularly germane for our 
study.  UNISDR defines disasters as events that cause: 

a serious disruption of the functioning of a community or a society involving 
widespread human, material, economic or environmental losses and impact, 
which exceed the ability of the affected community or society to cope using its 
own resource (UNISDR 2009 p 9.). 

  
From this perspective disasters are distinguished from “ordinary stressful events” by the scope of 
the consequences of the event and the lack of capacity of the immediately affected community to 
cope with the consequence, and most importantly, the inability of the larger society to do so also.  
Hurricanes Katrina, Sandy, Irma, Maria are some of our recent major catastrophic events that 
taxed the capacity of both local and national governments to respond quickly and effectively in 
the aftermath of the disaster.  This contrasts with events that are serious in their consequences 
but are much more localized in response and consequences, such as gas explosions in 
Pennsylvania, as described by Cowell and Desouza (2018).   The ability to respond effectively 
requires planning and scenarios that can provide as accurate an account as possible of how and 
where disasters unfold and how populations respond in real time to chaotic and stressful 
circumstances. 
  
While the UNISDR definition provides a useful starting point, it does not address the issue of 
disaster complexity and its components.   The tendency is to measure complexity in terms of the 
scope of the damage or loss of life.  However, some disasters may be complex in origin but result 
in relatively low losses of individuals, for example, massive flooding along floodplains or large-
scale power outages resulting from weather events.  Other events may not be as complex but 
create significant losses of life, e.g., a lone shooter attack or an infrastructure failure that causes 
dozens to be injured or killed.  
  
What separates complex disaster from “ordinary” ones has been attributed to the existence of 
cascading and amplifying effects.  The concept of cascading effects has long been integrated into 
disaster theory.    Cascading properties exist because tightly linked interdependent systems 
respond when one or more of them are triggered by an event (Helbing, 2013).  Thus, a complex 
disaster is a disaster that affects multiple aspects of human life as well as infrastructure through a 
set of mechanisms that have complex interrelationships. Metaphorically, the process has been 
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called the “domino effect” of disasters.  One event begets another, which begets another until the 
chain of responses is stopped.  While the metaphor is descriptive and accurate for some events, 
Gianluca and Alexander (2015) argue that it is important to differentiate between cascading 
effects and cascading disaster.  The former is appropriate to the metaphor, while the latter 
reflects a more accurate representation of the complexity associated with large-scale disaster.  
According to Gianluca and Alexander: 

Cascading disasters are extreme events, in which cascading effects increase 
in progression over time and generate unexpected secondary events of strong 
impact.  These tend to be at least as serious as the original event, and to 
contribute significantly to the overall duration of the disaster’s effects.  These 
subsequent and unanticipated crises can be exacerbated by the failure of 
physical structures, and the social functions that depend on them, including 
critical facilities, or by the inadequacy of disaster mitigation strategies, such as 
evacuation procedures, land use planning and emergency management 
strategies. Cascading disasters tend to highlight unresolved vulnerabilities in 
human society. In cascading disasters one or more secondary events can be 
identified and distinguished from the original source of disaster (2015, p. 65). 

  

Climate change as a complex disaster:  Extreme heat as a case study 
 
The definition offered by Gianluca and Alexander has salience for this essay as it highlights 
several important dimensions of complex disasters in reference to climate and health.  First, the 
importance of amplification over time and the creation of new and serious effects.  This 
resonates with health outcomes (and political conflicts) associated with, e.g., Hurricane Maria, 
where hundreds of deaths and morbidities were the consequences of power losses and damages 
to health facilities rather than directly attributable to the storm, and thus were not initially 
counted (Kishore,et. al., 2018).  Similarly, in New Orleans after Katrina, the effects of the 
hurricane and subsequent stressors were responsible for increases in mental health issues (Galea, 
et. al, 2007). 
 
One example of a slow-moving complex disaster is climate change.  For example, climate 
change is increasing the number of days of extreme heat. Extreme heat refers to time periods in 
which weather is substantially hotter and/or more humid than is typical for a specific location 
and time of year, hence different definitions exist based on climate.  For ease of comparison, a 
general definition that is often used defines extreme heat as days of maximum temperature above 
90 degrees Fahrenheit, in the U.S. and globally (USGCRP 2018; UNFCCC 2016). Extreme heat 
events, for example sometimes defined as greater than 2 days at or above 90 degrees Fahrenheit, 
have become more frequent. Extreme heat events everywhere in the U.S. are projected to 
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become more intense (longer in duration and higher temperatures) (Walsh et al., 2014; Smith et 
al., 2013). While the U.S. Federal Emergency Management Agency (FEMA) has yet to officially 
declare an extreme heat event a disaster, extreme heat is part of the disaster planning and 
readiness programming of FEMA and the Department of Homeland Security 
(https://www.ready.gov/heat).  
 
Physiologically, homeostatic core temperature becomes difficult to maintain in extreme heat due 
to reduced evaporative cooling capacity.  It is important to note that several individual-level 
characteristics, such as age, acclimation, and chronic disease status, affect the ability to maintain 
core temperature during exposure to extreme heat.  In addition, neighborhood-level factors can 
locally intensify extreme heat, such as tree coverage. Finally, occupational standards, access to 
cooling technologies, access to health care, and responsiveness of public health systems during 
extreme heat events can mitigate the effect on individuals, although availability of these 
mitigating factors varies widely across geographical space.  Thus, even the simplest and most 
direct effect of climate change on human health can become quite complex, when individual 
level, neighborhood level, and policy level factors are considered.   
     
McMichael (2013) captures the notion of cascading effects in conceptualizing linkages related to 
climate change that impact health.  He organizes it around primary, secondary and tertiary 
effects, arguing that the amplification effects of climate change on ecosystems, surface water, 
infrastructures, and the economy have important health consequences.  If we take extreme heat 
as an example, deaths or morbidities can be linked directly to extreme heat that extends over 
time, e.g., heat stroke, pulmonary morbidities, depression, etc.   But, the secondary and tertiary 
effects such as increased wildfire risks, drought, overloads on power capacity, or changes in 
parasitic ecosystems bring with them morbidity, mortality, economic, and environmental costs 
that amplify the effects of the initial extreme heat conditions.  
  
The second relevant aspect of the definition of a complex disaster as it relates to climate change 
is that major cascading effects are caused more by significant vulnerabilities within the social 
and physical environment than by the magnitude of the disaster event, that is, vulnerabilities 
within population contribute and actually amplify the impacts of both primary and secondary 
events within a cascading system.  For example, previous research suggests the elderly, lower 
income residents, and those with chronic disease conditions will feel the primary, secondary and 
tertiary impacts of extreme heat more than others in the population (Schwartz 2005, Hess et al. 
2014).  In essence, complex disasters are a consequence of unattended vulnerabilities in the 
population.  As the literature on risk and resilience has shown, identification and mitigation of 
vulnerabilities in the population is an important strategy for reducing hazardous impact from 
events (Tierney, 2014; Cutter, et. al. 2014).   
 



In, James M. Shultz and Andreas Rechkemmer (Eds.), The Oxford Handbook of Complex Disaster Risks and 
Resilience, Oxford University Press, Online Dec 2020. DOI: 10.1093/oxfordhb/9780190466145.013.7 
 
 
Thus, modeling disaster impacts of a climatic condition – extreme weather, for example – 
requires an approach that enables the decision-makers to incorporate socio-demographic and 
behavioral attributes of a population that placed them under greater stress.  Social vulnerability 
indices are one method for identifying vulnerable populations geospatially based on socio-
demographic attributes (Cutter et al. 2003, Flanagan et al. 2011). Several evaluations of social 
vulnerability indices across a variety of disasters suggests additional environmental and 
behavioral parameters may further our understanding of vulnerability (Hallisey 2018, Anderson 
et al. 2019, Rufat et al., 2019), likely due to the complexity of interacting factors geospatially 
and temporally that are not captured within these census-based indices. 
 

Health Impacts of Extreme Heat Events 
 
In subsequent sections of this chapter, our focus is on extreme heat events (EHEs), which 
resulted in 7,233 direct heat-related deaths from 1999-2009 (CDC, 2013). Numerous studies 
have shown EHEs are also associated with additional mortality and morbidity beyond what is 
coded specifically as heat-related in medical records (Gasparrini et al. 2015, Knowlton et al. 
2008),  Furthermore, Keim (2008) forecasts that of the six disasters most likely to be influenced 
by climate change, extreme heat is the one with the greatest probability of increasing mortality, 
severe injuries, and widespread chronic illnesses. As discussed above, the complexity of EHEs, 
with direct and secondary pathways for impacting health, is a useful case study to evaluate the 
use of agent-based modeling to assess and optimize climate change adaptation and mitigation 
strategies in the context of human health outcomes. 
 
A large body of literature has shown exposure to extreme heat is associated with earlier death 
(Anderson & Ball, 2011), increased hospitalizations (Knowlton et al., 2009), and adverse birth 
outcomes including preterm birth (Kent et al., 2014, Sun et al. 2019).  One important complexity 
identified in these studies is the variability in the most useful definition of an EHE, considering 
relative temperature, absolute temperature, humidity, solar radiation, and duration effects.  These 
environmental variables that are used to define an EHE can vary widely within small 
geographical scales, further adding complexity to determining exposure to populations.  In 
addition, several studies, as briefly described above, have shown sociodemographic factors 
modify the effect of extreme heat on health.  Here we use agent-based modeling to demonstrate 
how these factors can be modeled over a specific geographic scale. 
 

Synthetic Populations and Agent-based Modeling 
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Agent-based models (ABMs) are computational models of a system (often a social system), 
where individual entities and their interactions are represented. The computational model allows 
evolving the system forward in time by computing the changes in agent- and environmental-
states due to their interactions as well as external influences. Macal (2016) provides a recent 
review and introduction. 
 
ABMs have been used for modeling in many domains, such as epidemiology (Eubank et al., 
2004), disaster preparedness and response (Barrett et al, 2013), innovation diffusion (Mercure et 
al, 2016), regional economic modeling (Axtell 2016), and more. They are also increasingly being 
used to study adaptation to climate change (e.g., Lippe et al., 2019; Yang et al., 2018; Amadou et 
al., 2018; Hailegiorgis et al., 2018). 
 
Our approach is to use a detailed, individual-level agent-based model known as a synthetic 
population. Synthetic populations are a kind of ABM where we attempt to model every 
individual in a region of interest, including demographics, daily activity patterns, social contacts, 
and more (e.g., local infrastructure) by integrating data from sources such as the Census, travel 
surveys, street maps, and more. In this work, we use a synthetic population which was previously 
generated (Adiga et al., 2015; also see Figure 2). The process for generating a synthetic 
population consists of several steps, as described below. 
 

● Generating agents with demographics: We begin by using data from the American 
Community Survey (ACS), which provides demographic distributions at the US Block 
Group level and a 5\% sample of records at the Public Use Micro Area (PUMA) level. 
These are combined using the iterative proportional fitting technique to create a 
disaggregated population for the region (Beckman et al., 1996). Since the ACS provides 
household-level data, the generated agent population is also grouped into households, in 
addition to having characteristics such as age, gender, household income, and more. 

● Assigning activities: In the next step, we assign typical daily activities to each agent by 
integrating data from the National Household Travel Survey (NHTS). Activity schedules 
are assigned by learning a Classification and Regression Tree (CART) model (Breiman et 
al, 1994) from the NHTS data, which uses demographic variables to split the NHTS 
records into clusters. The dependent variable chosen is the total time spent outside the 
home. This results in a typical daily schedule for each agent, including start times and 
durations for each activity. 

● Assigning activity locations: Each activity for each agent is assigned an appropriate 
location. Home locations are constructed using data on residence types in the area from 
the ACS and road network data from HERE (formerly NAVTEQ). School locations are 
obtained from the National Center for Education Statistics (NCES). Business locations 
are obtained from Dun & Bradstreet. Other points of interest, such as parks, tourist 
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attractions, etc., are obtained from HERE. Activity locations are assigned to activities 
using a gravity model (Erlander & Stewart, 1990). 

 
The resulting model is a dynamic representation of human mobility and interaction over the 
course of a normative day. The synthetic population is specific to a geographic region because of 
its dependence on “contingent realities” for the area---the demographics of the people who live 
there and the distribution of actual activity locations. It provides a plausible, bottom-up 
mechanism for generating large-scale structured representations of populations without making 
assumptions as are common in more stylized models. The resulting data set is very rich and can 
be applied to many problem domains (e.g., Parikh et al., 2013; Marathe et al., 2014). There are a 
number of benefits to the use of ABMs as a modeling methodology. 

• Flexibility of representation: In addition to representing individuals, an ABM can also 
represent households, businesses, vehicles, and more, allowing for the computation of 
outcomes at multiple scales, both spatial and temporal. In the application in the next 
section, e.g., we are able to aggregate exposures at the individual level and then compare 
exposure across categories of household incomes. 

• Intuitiveness of representation: The behavior of individual agents, since they often 
correspond to common experience, is intuitive to reason about and to judge the 
appropriateness of, while the ABM itself allows us to compute the consequences of the 
large-scale interactions in a population. In our application, we model activity patterns of 
individuals, consisting of activities such as being at home, going to work, going to 
school, etc. 

• Integration of data from multiple sources: As described above, a synthetic population 
integrates data from multiple sources. This is needed because no single data source 
provides a complete picture of a population or a region. By putting multiple data sets 
together, we are able to build a sufficiently rich representation that we can model the 
phenomenon of interest. One of the advantages of integrating data from multiple sources 
in this manner is that it is inherently privacy-preserving. When we combine demographic 
data from the ACS with activity data from the NHTS, we are not combining data about 
the same individual from two different sources; we are combining data about two 
different individuals in a way that is realistic. 

• Transparency: As AI and machine learning are expanding their reach in the everyday 
world, the ease by which these models can be explained to non-technical people is 
becoming an issue (Samek et al., 2017). One benefit to ABMs is that they are relatively 
transparent, in that the computational models of the individual agents and the interactions 
can be inspected more easily. Of course, explaining the large-scale outcomes of an ABM 
in terms of the individual models is still an open question, but at least the models are not 
black boxes like many modern machine learning methods (e.g., deep learning) are. 
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Not surprisingly, there are a number of challenges as well: 

• Adequacy: Since we can’t model every detail down to the finest level, judgement is need 
to create a model that is adequate for the question at hand (Swarup, 2019). In this 
process, there are inevitable tradeoffs between level of detail and computational 
complexity, between realism and availability of data, etc. It can turn out that once a 
model is constructed and analyzed, we discover the need to represent additional details, 
for which new data have to be gathered and integrated. Thus, all models (including the 
one presented here) are treated as provisional, representing our current best attempt at 
modeling the complexity of a phenomenon in the real world. 

• Scalability: As we make increasingly detailed models, we also face the challenge of 
running large-scaled simulations, which require high-performance computing methods. 
Depending on the domain, the problem can have inherent parallelism which can be 
exploited, as is done with large-scale epidemic simulators (Barrett et al., 2008). However, 
each domain and problem are different, so this issue will remain an ongoing concern for 
large ABMs. The calculation of heat exposure also has inherent parallelism because the 
movements of individuals don’t affect the ambient temperature in our model. This means 
that, in principle, we can calculate the heat exposure of all the individuals in parallel. 
Though we haven’t done that for the example presented in this article, this approach can 
be scaled up to large populations. 

• Verification/validation: Verification refers to ascertaining if the ABM actually computes 
what it is designed to compute. Validation refers to ascertaining, within reason, if the 
ABM accurately represents the real world. Verification and validation of agent-based 
models is a broad area of research (Adiga et al., Submitted). Often large-scale ABMs that 
use many sources of data have to be validated in multiple steps, which is the approach we 
take with the synthetic populations (Adiga et al., 2015). 

• Simulation Analytics: Large-scaled models not only use a large amount of data, they 
produce a lot of data as well, often more than the data that goes into them. Sense-making 
with such large data sets is a challenge, though we can exploit the facts that simulated 
data sets are complete and that simulations can be re-run to test hypotheses (Swarup et 
al., 2019). This is an important emerging area of research as more and more big 
simulations are being generated. 

• Value-sensitivity: Finally, and perhaps most importantly, it is important to be cognizant of 
human values in the design of ABMs (Friedman et al., 2006). By values, we mean the 
principles that people hold as important in their lives. These include ideas of fairness, 
equality, accountability, and many more. It is important to consider the values that are 
embedded in the development of ABMs all the way from conceptualization and data-
gathering to simulation design, experiment design, and analysis of results. Consideration 
of values in the modeling requires understanding and recognizing that values are cultural 
and that culture differs both across and within the geographic area of study.  As we 
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illustrate below, people who have the highest levels of potential exposure to extreme heat 
have significantly lower incomes than those who have the lowest levels of potential 
exposure, which could be explained by differences in income across climate zones 
present in Alabama or finer scale disparities within communities. Thus, agent-based 
simulation can reveal important disparities in society through careful modeling and 
analysis, and can inform decision-making in a value-sensitive way. 

We now turn to our specific application and show how synthetic population-based ABMs can be 
used for estimating heat exposure. 

Case Study: Extreme heat exposure in Alabama 
 
It is difficult to obtain estimates of population-wide exposures to extreme heat because 
temperatures can vary widely spatio-temporally. This means that approaches that rely on 
physically instrumenting subjects to record their exposure as they move about during the day 
have trouble scaling up to the entire population. On the other hand, approaches that use census 
data in combination with large-scale temperature data are only estimating the exposure at 
people's home locations, not taking into account daily mobility patterns, nor other exogenous 
factors such work site conditions. 
 
In this case study we explore the use of a synthetic population in an agent-based model to assess 
the heat exposure of different segments of the population in the State of Alabama, USA.  
Alabama is a large state with a range of topography, urban/rural spaces, coastal/inland 
differences, and high summer temperatures. A synthetic population of Alabama is a 
representation of the demographics, typical daily activities, and activity locations of the entire 
population of the region.  It is generated by combining multiple sources of data in a series of 
steps, as described earlier. The approach represents a means of measuring what we have termed 
“potential extreme heat exposure” that has some important advantages over current 
methodologies because it enables researchers to estimate exposures for an entire population of a 
region stratified by socio-economic and other attributes. Potential extreme heat exposure occurs 
in our model when a person is located at a time and position during their daily activities where 
the temperature is 90°F or greater, though this threshold can easily be changed to represent 
different levels of extremity.  The exposure is potential because we currently do not assess 
environmental mitigating factors, e.g., presence of air conditioning, whether the individual is 
within a structure or outside, in direct sun versus shade, or whether one is within a vehicle.   
 
Assessment of actual rather than potential exposure is required to assess the effects of high 
temperatures on specific morbidity or mortality impacts.  However, our purpose in this paper is 
to demonstrate the potential agent-based modeling of a synthetic population provides for 
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assessing exposure. The present work is the essential building block of a longer research 
program using synthetic populations to assess hazards exposure. 

Measuring Exposure to Extreme Heat  
Individuals have multiple encounters with many different health hazards in the course of their 
life span.  Clearly not every encounter leads to a change in morbidity because that relationship is 
influenced in part by the intensity of the exposure, or dosage, of the hazardous condition.  
No single criterion exists for defining an extreme heat event. EHEs typically are measured by a 
combination of high temperature and/or humidity and the duration of those temperatures for an 
extended period of days (Anderson & Bell, 2011). 
 
Exposure to high temperatures is a function of both environmental and socio-demographic 
contextual factors.   Environmental context is important in terms of the climate in which a person 
lives and also becomes important because micro-thermal regimes vary spatially, particularly in 
urban areas where heat islands arise because of differentials in surface materials.  Thus, every 
environment has a particular geographic distribution of high temperature sites.  Whether 
individuals encounter those sites is a function of how they traverse the geography of their place 
during their daily activities.  
 

 
Figure 1 
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For example, in Figure 1, an individual begins the day at point A for approximately 7 hours at 
which point (B) s/he moves to C for another activity (such as work), and remains there for much 
of the day before moving on to point E at the end of the day.  By tracking an individual's activity 
across a region of varying temperature levels, we can estimate the potential exposure of an 
individual based on thermal conditions at specific locations A, C, and E, for a defined time of 
day.  Using a synthetic population and agent-based modeling the amount of time an individual is 
at a place or during their movement where temperatures exceed 90°F can be determined for any 
individual.  The total number of hours a day an individual could be exposed to temperatures 
exceeding 90°F gives a daily accounting of potential exposure levels for every individual in the 
population.  Daily profiles of thermal exposure have been measured in small subsamples of 
populations through the use of thermal sensors attached to individuals (Bernhard et al., 2015; 
Kuras et al., 2015).  Karner et al. (2015) used a simulation approach in assessing heat exposure 
for a specific population, cyclists using specific routes and Hu et al. (2019) used commuting 
patterns in Chicago to estimate diurnally varying population level exposure. With a synthetic 
population and agent-based modeling, exposure potentials can be obtained for all individuals in 
the population across all locations in a place. The current model does not account for time spent 
indoors vs. outdoors, though this can be incorporated if the appropriate data become available, 
which would allow for studying occupational and other activity-related effects. 
 

 
Figure 2 
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For this study, we use a previously generated synthetic population for Alabama, with 4.37 
million residents (Adiga et al., 2015), based on data from the year 2009. Methods to calculate 
any metric of heat exposure can be employed, such as the total duration for which the agent is 
exposed to temperatures above a certain threshold, or the average temperature over the day to 
which the agent is exposed either at a specific site or during travel to that site.  For this study we 
determined the number of hours per day an individual was exposed to temperatures in excess of 
90°F during the summer of 2009 and then calculated the average number of hours per day over 
90°F each individual could have experienced an extreme heat exposure.   We did the same 
calculations for a threshold of 95°F also, but we only report on the analysis for 90°F as the 
results for 95°F demonstrate very similar distributional patterns across geographic areas and 
income groups. 
 

Temperature calculations 
 
For temperature data, we use the North American Land Data Assimilation System (NLDAS) data 
set (Xia et al., 2012). NLDAS provides an estimate of the air temperature at 2 meters above the 
surface at a spatial resolution of 0.125° and an hourly temporal resolution for the continental 
USA. While the spatial resolution is not very high, the hourly temporal resolution is needed for 
computing heat exposure. Other data sources, such as from the Moderate Resolution Imaging 
Spectroradiometer (MODIS) instrument on board the Terra satellite (Jin et al., 2005), provide 
high spatial resolution of land surface temperature, but very low temporal resolution and 
introduce additional uncertainty when used to estimate air temperatures experienced by people. 
One possibility for extending the present work would be to combine the two data sources to 
obtain high spatial and temporal resolution. The NLDAS data for 2009 (June 1 -- Sep 30) were 
downloaded from NASA's GES DISC system1. The calculation of average hours/day above 90°F 
for each individual in the synthetic population is done as follows. 
 
The daily activity schedule for each individual is a list of (activity type, start time, duration, 
latitude, longitude) tuples. For example, if a person is at home at the start of the day and leaves 
for work at 8 a.m., their first activity would be written as (HOME, 00:00:00, 08:00:00, <lat, lon 
of their home location>). If they arrive at work at 9 am and stay there till 5 p.m., their second 
activity would be written as (WORK, 09:00:00, 08:00:00, <lat, lon of their work location>). Note 
that the third item is 08:00:00 to indicate that the duration of the work activity is 8 hours. Also 
note that travel activities are not explicitly noted in the activity schedule, but we account for 
potential exposure during travel as will be explained further below. The travel mode information 
in NHTS could be used to refine this step in the future. 
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To calculate the time above 90°F for any activity, we do interpolation as follows. Let 𝑡!"#$" be 
the start time of a given activity and 𝑡%&' its end time 𝑡%&' 	= 	 𝑡!"#$" 	+ 	𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛. The NLDAS 
data give us the temperature at the hour marks before and after 𝑡!"#$" and 𝑡%&'. Let 𝑡!"#$"(  denote 
the hour mark after 𝑡!"#$" and 𝑡!"#$")  denote the hour mark before 𝑡!"#$". For example, if 𝑡!"#$" = 
9:15 a.m., then 𝑡!"#$") = 9:00 a.m. and 𝑡!"#$"( = 10:00 a.m. From the NLDAS data, we can look 
up the temperature 𝑇!"#$")  corresponding to 𝑡!"#$")  and 𝑇!"#$"(  corresponding to 𝑡!"#$"( . We then 
interpolate to find the temperature at 𝑡!"#$", as 

𝑇!"#$" 	= 	𝑇!"#$") 	+ 	
𝑡!"#$" 	− 	𝑡!"#$")

𝑡!"#$"( − 𝑡!"#$") 	× (𝑇!"#$"( 	− 	𝑇!"#$") ) 

 
Since (𝑡!"#$"( 	− 	𝑡!"#$") )is always 1 hour, this simplifies to, 

𝑇!"#$" =	𝑇!"#$") 	+ 	(𝑡!"#$" 	− 	𝑡!"#$") ) 	× (𝑇!"#$"( 	− 	𝑇!"#$") ) 
 
where (𝑡!"#$" 	− 	𝑡!"#$") ) is expressed as a fraction of an hour. We calculate the temperature at the 
end of the activity period, 𝑇%&', in a similar manner. Now we have the temperature at 𝑡!"#$", 
𝑡%&', and every hour mark in-between (from the NLDAS data). If two consecutive temperature 
values in this list are above the threshold, we assume that the temperature was above the 
threshold for the entire duration. If only one out of two consecutive values is above the threshold, 
then we calculate the duration above the threshold by linear interpolation in a similar way to the 
temperature calculation above. Thus, for every activity during the day, for every person, we can 
calculate the duration above the temperature threshold. We do not do spatial interpolation 
between the centroids of the NLDAS cells because the temperature values in the cells do not 
represent measurements at the center, but rather an average value for the cell. 
 
For travel activities, we do exactly the same thing, with the only difference being that 𝑇!"#$" is 
taken to be the temperature at the origin location and 𝑇%&' the temperature at the destination 
location. 
 
We repeat this calculation for every synthetic individual, for every day between June 1, 2009 and 
Sep 30, 2009 and calculate the average hours/day the ambient temperature is over 90°F. 
 

Results 
 
Our initial simulation for the entire synthetic population of Alabama provides a baseline for 
additional analyses.   The distributional plot for the initial analysis (Figure 3) illustrates several 
important outcomes concerning potential heat exposure in the state.  First, the majority of 
residents experienced between three and six hours per day of extreme heat.  While the overall 
number declined after six hours, a sizable number or residents were at locations where on 
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average seven or more hours per day of high heat exposure could occur.  Finally, the overall 
distribution was biased towards the higher hourly amounts.  While over 10,000 individuals had 
no direct exposure to extreme heat, smaller numbers had one hour or less, particularly in 
comparison to those who averaged more than six hours.   
 

 
Figure 3 

 
Our model was run for the entire state with the results analyzed by the household income (Figure 
4), since income would impact access to mitigating factors that could reduce exposure (e.g. air 
conditioning) or reduce health effects of exposure (health care).  The results indicate an income 
disparity between the higher and lower exposure levels in the state.   Those experiencing the 
lower number of hours/day of extreme heat exposure (left of the first dashed line in Fig. 4) had 
an average annual household income of $63,268 while those at the higher end of the exposure 
level (right of the second dashed line in Fig. 4) had an average annual household income of 
$42,409; a differential in excess of $20,000.   Some variations from that trend were evident 
(Figure 4) but an income bias in the plot of household income to potential exposure clearly 
existed. A more sophisticated model could be used to identify the trend breaks precisely, but that 
would not change the basic conclusion about income disparities in heat exposure over the State 
of Alabama. 
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Geographic and climate differences might account for some or all of this disparity. For example, 
increasing altitude is generally associated with increasing socioeconomic status (Ueland & Warf, 
2006). From another perspective, Deryugina and Hsiang (2014) have shown that daily average 
temperatures are negatively associated with economic performance. They estimate that “the 
productivity of an individual declines roughly 1.7% for each 1°C (1.8°F) increase in daily 
average temperature above 15°C (59°F)”. Alternatively, the disparity seen in the simulation 
could be due to differences in microclimates. It has been shown that tree cover tends to be higher 
in higher-income neighborhoods (Jesdale et al., 2013), although the relatively low spatial 
resolution of the NLDAS temperature estimates used in this example simulation would likely not 
pick up these finer scale differences.  
 

 
Figure 4 

 
To assess the influence of physical location, i.e., different thermal regimes, separate analyses 
were done for four individual counties:  Baldwin, Jefferson, Wilcox, and Jackson (Figure 5). The 
counties represent different thermal regimes in the state, but also vary significantly in their socio-
demographic structures (Table 1).  Baldwin is a Gulf Coast county with a large number of 
retirement or second home residents, which is reflected in the higher median household incomes 
compared to the other three.  Wilcox is an agricultural county located in the south-central part of 
the state.  The population is predominantly rural with lower incomes than those of the other 
three.  Jefferson is also centrally located and the site of the state’s largest city, Birmingham.  
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Jackson is in the extreme northeastern section of the state at the lower end of the Appalachian 
highlands and although it has a relatively high percentage (85%) living in urban centers, these 
are primarily smaller cities and towns. 
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Figure 5 
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Clearly the difference in thermal regimes creates different extreme heat distributions of the 
residents in the four counties (Figure 5).  In Wilcox, the entire population had an extreme heat 
potential of five hours/day or more with seven or more hours being the most frequent.  The skew 
to higher potential heat hours differentiates itself from the other three.  The ameliorating effect of 
the Gulf on temperatures is evident in the profile of potential temperature exposure in Baldwin.  
Despite its southern most location, no residents had extreme heat potentials of seven or more 
hours/day.  The majority in the county had four hours/day or less.  As the steep gradient after 
four hours/day illustrates the decline of heat exposure potential drops precipitously, a trend that 
is nearly a mirror image of the trend in Wilcox albeit there the jumping off point was six hours.  
 
 

Table 1: Socio-Demographic Attributes of Selected Alabama Counties 

County Name Median household income 
(Margin of Error), in 2009 
inflation-adjusted USD* 

Urban-rural status using 
RUCA categorization of ZIP 
codes# 

Jackson County, AL 35,053 (+/- 2005) 85% Urban, 6% Suburban, 8% 
Rural 

Jefferson County, AL 44,718 (+/- 697) 91% Urban, 4% Suburban, 4% 
Rura1 

Wilcox County, AL 22,006 (+/- 2565) 37% Urban, 13% Suburban, 
50% Rural 

Baldwin County, AL 48,918 (+/- 1,349)  76% Urban, 20% Suburban, 3% 
Rural 

#Rural-Urban Commuting Area Codes (RUCA) version 3.10 categorization B (urban, large rural 
city/town, and small rural and isolated town) of ZIP codes within counties using 2010 U.S. Census data 
[15]. 
*Data from the American Community Survey 2009 5-year estimates, via American FactFinder 
(http://factfinder.census.gov). 
  
The distribution for Jefferson County is strikingly different than either of the counties to its south 
and for the state as a whole.   As with the state profile, the mid-point for exposure potential in 
Jefferson is approximately five hours/day.  However, the steep bell-shaped curve in Jefferson is 
unique.   Because the county is heavily urban it suggests that potential exposure distributions for 
dense urban areas may be fundamentally different than for either rural or suburban counties.  The 
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distribution in Jackson exhibits a pattern similar to Jefferson though less exaggerated distribution 
and fewer hours/day with averages of five.  The somewhat more northern location coupled with 
higher elevations may account for the overall lower number of high heat hours/day which are 
comparable to the coastal profile in Baldwin.  The symmetry of the distributions between these 
two, however, differ appreciably.   Baldwin’s distribution more closely resembles that of the 
other county with a high percent of urban dwellers, Jefferson.  Whether the symmetry of those 
two represents an “urban profile” is a hypothesis subject to future testing. 
 
The potential exposure patterns for the four counties were also analyzed by income (Figure 6).   
Given the differentials in household incomes between the four (Table 1), we anticipated some 
variability in the patterns of heat exposure by household income given the differences in the 
socio-economic structures of the four. 
  
Variations between the four did exist with none of them identical to the pattern at the state wide 
level income/exposure patterns.  Since the state pattern represents an aggregate of all counties 
this difference was not unanticipated.  The patterns for the four do demonstrate the importance of 
both environmental and socio-demographic context on heat exposure by income. 
In the more rural, less affluent county, Wilcox, very little differentiation is apparent by 
household income.   This is striking given that Wilcox had the greatest range in potential 
exposure of any of the four (Figure 5). 
  
In Baldwin, the second home market may have created a differential in exposure by household 
income.   The high and variable median household income in the county (Table 1) reflects a 
socio-economic differentiation that would underlie a segmented housing market.  The second 
home market in the county is concentrated on the coast areas so that high temperatures are 
tempered by the coastal effect.   In contrast, those at the lower end of the market are spatially 
concentrated to the west in more interior areas.  
  
The absence of greater variations in exposure in Jefferson is surprising given that it is the most 
urban of the counties, and one with considerable geographic variations in housing markets.  The 
higher variance at the tails of the Jefferson and Jackson distributions are primarily a function of 
the lower number of people with high and low exposure levels.  Further exploration in urban 
settings is required to advance our understanding of the patterns.  
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Figure 6 

 

Discussion 
 
The goal of this research was to test a new methodology for assessing extreme heat exposure.   
The use of agent-based modeling of a synthetic population provides researchers and practitioners 
a new approach to analyzing what will increasingly be an important health threat with expected 
changes in thermal regimes due to climate change.  The results presented here represent a strong 
proof of the concept of using the approach to assess potential extreme heat exposure.  More 
importantly, enhancing the methodology would make a transition from potential to actual 
possible. 
 
We believe our approach offers five important advantages over existing methods.    
 
First, since the entire population of a region is used, albeit a synthetic one, sampling error is not 
an issue.  The limitations and errors in the estimates arise from the availability and quality of the 
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data from which synthetic populations are constructed, which can be refined as higher quality 
data sources become available. 
     
Second, since the synthetic population reflects the entire population and includes the 
composition of a region's residents, exposures can be calculated for different strata in the 
population, making multiple cross-classifications feasible such that socio-economic (and other) 
comparisons in heat exposure are calculable.  The ability to identify multivariate disparities in 
exposures makes heat exposure calculations more specific, which could ultimately make health 
risk calculations more specific.  This methodology could offer public health officials an 
important tool for developing responses and mitigation practices that are better suited to specific 
groups. 
     
Third, good estimates can be achieved for potential and actual heat exposure for groups that 
heretofore have been difficult to obtain.   Many of these are the most vulnerable to mortality and 
morbidity outcomes from extreme heat, such as low-income groups, the elderly, those with 
chronic health conditions, or socially isolated individuals. 
     
Fourth, exposure to extreme cold as well as extreme heat can be estimated readily.  Because both 
extreme heat and cold create health risks, a platform that readily permits either offers major 
advantages to assessment of health risks.   
     
Fifth, the use of an agent-based model using a synthetic population can be used as a planning 
tool to assess the consequence of different policy approaches to mitigating the health impacts of 
extreme heat exposures for different scales of places: neighborhood, city, region or state.  For 
example, the current strategy for reducing exposure levels and mitigating health effects is to 
move higher risk groups to cooling shelters.   Typically, these are public facilities, such as 
libraries, administrative offices, or arenas.  In some instances these facilities are not well located 
for the more vulnerable populations.  Agent-based models would enable policy makers to 
simulate exposure levels of different at risk groups under different weather conditions to measure 
where the potential impacts to groups are greater.  Those “what if” scenarios can lead to more 
informed decisions on where best to locate cooling centers, how to deploy public transportation 
to maximize the use of these facilities, or whether to announce high risk days for different areas 
of a region or different segments of the population.  
 
Advancing the utility of the methodology will require enhancing the platform to include 
additional social and health attributes of the synthetic population. Surveys of time spent in non-
climate-controlled environments can be integrated to address potential vs. actual exposure. 
Existing health status can be assigned to individuals within the population to capture an 
important dimension of vulnerability.  Status measures can, in turn, be linked to comorbidity 
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probabilities enabling one to track mortalities or morbidities occurring as a consequence of 
different exposure conditions. 
 
Additionally, regional environmental and infrastructure elements can be added to the platform. 
The travel infrastructure will enable investigators to incorporate exposures associated with 
specific infrastructures and routes that are used in travelling to work or recreational movement. 
The spatial resolution of the model could be increased by integrating high spatial resolution 
temperature data like MODIS (Jin et al., 2005) with the high temporal resolution temperature 
data (NLDAS) used here, such as in (Wu et al. 2019). 
 
The model could produce multi-day exposure profiles from combinations of hazards including 
heat, pollution, chemicals or other environmental risk factors.   Multiple risk conditions are 
possible now but only for static or fixed locations.  The use of synthetic populations in modeling 
expands our ability to analyze long term (3-5 years) and short-term exposures under multi-hazard 
conditions.  The ability to achieve that level of inquiry will provide public health and other 
officials a tool for coping with both episodic as well as incremental environmental threats.  Such 
an approach will have great value as the variability in weather conditions increases because of 
climate change. 
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