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ABSTRACT

While nuclear weapons of mass destruction exist, thankfully they have only been used in anger twice.
Therefore, there is little know about how people will react to them. As a consequence of this unknown,
we synthesized a hundred years of disaster research to build a model to explore this gap in our
understanding of the social effects of a nuclear weapon of mass destruction (NWMD). By reviewing
disaster literature, we argue that disasters, including a NWMD, should be viewed as a complex system
of three parts (i.e., the physical, social and individual). These three parts inform an agent-based
model on how society might react following a nuclear weapon of mass destruction. Specifically, the
agent-based model captures the main properties of complex adaptive systems such as heterogeneity,
webs of connections (i.e., social networks), relationships and interactions, and adaptations arising
from individual actions and decisions. Our NWMD model represents the road network and weapon
effects as part of the physical environment. It also includes synthesized individuals and their social
environment through agents’ social networks and emergent group dynamics after the event. This
NWMD model supports the exploration of the effects of different agent behavior in times of disaster.
In the base model, we characterized the response of victims of a nuclear WMD, first responders,
and the rest of the population not directly impacted by the weapon. Such a model of the New York
mega-city is poised to support additional studies of social effects of a nuclear WMD or disasters more
generally.

Keywords Synthetic Populations · Agent-Based Modeling, · New York · Geographical Information Systems · Social
Networks · Weapon of Mass Destruction
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"All models are wrong, but some are useful." George Box [1]
"Think how hard physics would be if particles could think." Murray Gell-Mann [2]

1 Introduction

The Manhattan Project produced the �rst and only nuclear weapons ever used in warfare. The project was an scienti�c
and engineering marvel. For the next several decades, a program of nuclear weapons testing advanced our understanding
of these weapons and their effects. With the end of nuclear weapons testing in 1992, the science, engineering, and
con�dence in the reliability of these weapons has been certi�ed based on extremely detailed, sub-atomic level modeling
of the components of the weapons systems [3]. On the other hand, how people react to a nuclear weapon in not as well
known in a scienti�c or in a practical sense comparable to the developed knowledge of the physical effects. The study
of this "soft" side, the effects on people and their reaction, started immediately after the two weapons were detonated in
August 1945 (e.g., [4]). The development of the understanding of the affected population's reaction to nuclear weapons,
of course, can not be the subject of a nuclear testing program anything like the study of the physical effects due to
ethical considerations.

The Defense Nuclear Threat Reduction Agency (DTRA,https://www.dtra.mil ), a successor to the Manhattan
Project, is the organization for the U.S. government responsible for understanding these weapons. The agency began to
develop an understanding of the "soft side" of nuclear weapons through computer simulation (modeling) within the
last decade (see, as an example, [5, 6]). To contribute to the understanding, with this report we document our project
characterizing the reaction of a mega-city's population to a nuclear weapon. The objective of the research described
here was to characterize the reaction of the population of a mega-city and surrounding region to a nuclear weapon
of mass destruction (WMD) event. The characterization became a quantitative description of the numbers of people
projected to react in a variety of ways during the �rst minutes to hours following a “small” nuclear WMD event (as will
be shown in Section 4). This was accomplished through the development of an agent-based model (ABM) representing
the physical environment, the population details, their social networks, their use of the infrastructure at an individual
level, their routine behaviors before the event, and their reactive behaviors after the event (see Section 3).

The scope of this project was the development of a one-to-one, geographically accurate model of heterogeneous
individuals' response to a nuclear WMD event. By building such a model, we can study the societal dynamics and
the complex cascading behavior that emerge across time and space from thebottom up. This agent-based modeling
methodology lets us develop a more complete understanding of societal consequences of a potential nuclear WMD event.
We modeled individual behavior based not simply on statistical descriptions of “big data” but based on established
social science theory. Four core ideas underlie our approach: people are not random; people have heterogeneous
individual characteristics; people's behavior is driven by a hierarchy of goals and their observable environment; and
societal behavior emerges from individual behaviors. We will elaborate on these ideas in the following paragraphs.

Beyond People as Random Variables:Since human behavior is still not well understood despite thousands of years of
observation, there is a temptation to simulate behavior as a random variable. We believe that this technique is ill-advised
[7]. Further, human decision-making is not solely the product of rational optimization, as modeled by rational choice
theory. Instead, it is driven by the interactions of humans' bounded rationality [8] with their emotional state, social
context, physical state and physiology, individual characteristics, and their history. We captured this by modeling
people as individual agents, based on well-established theories of rational, emotional, socially-in�uenced, goal-directed
behavior and with diverse, non-uniform characteristics and goals (e.g., [9] [10], [11], and [12] as will be discussed more
in Section 3.3.5

Hierarchy of Goals: Humans do have many things in common, and one of the longest-surviving theories of behavior
is Maslow's hierarchy of needs [12]. While the hierarchy is not rigid, the ordering has generally survived intact since
originally written. People's top priorities are their physiological requirements; i.e., their immediate survival needs. If
their immediate physical needs are met, they can consider near-term safety and security needs. Only when these are
met can they consider general social needs. These �rst three levels – immediate survival needs, near-term safety, and
near-term security needs - will be the primary and shared drivers of human behavior in responding in the short term to a
nuclear WMD event. Although these are shared drivers, people's responses can be diverse and will be modeled as such,
based on theories and data on individual differences.

Individual characteristics: Humans are diverse, and it is vital to capture this diversity in any model of human behavior.
For example, different individuals will have different tolerances for risk, levels of altruism, and individual personality
traits that are likely to affect their behavior in times of crisis. Individuals' social contexts will also drive their decision-
making: a person without dependents may be more likely to evacuate alone by the fastest possible means, while parents
may �rst attempt to reunite with their children before evacuating. Finally, broad demographic differences may also
drive behavior: for example, in a society with ethnic tensions, people may be more likely to seek shelter with members
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of their own ethnic group. Our model will capture such individual characteristics, and how they drive behavior and
decision-making.

Social Psychology and Behavior Within Society:People are social, in�uenced by and in�uencing others continuously.
They seem to usually employ simple rules in their daily activities and would likely apply similar rules even in
emergencies. Such simple rules can explain complex behaviors and have been applied in large-scale social simulations.
Adaptive behavior by individuals in a community's population can take on a number of forms, from short-term
adaptations to longer-term ones. For example, Crooks and Wise [13] showed how dramatic changes to the road network
con�guration after the 2010 Haiti earthquake affected the distribution of post-disaster aid, which led to changes in how
individuals traveled to �nd aid based on what they knew about the network. The model that we built is based on sound
social psychology theory, social behavioral data, and where possible, empirical data of similar types of events (See
Sections 2, 3.3.5, and 4.1).

This report expands on these core ideas by synthesising material from various publications over the course of the project
(see [14, 15, 16, 17, 18, 19, 20]). In the remainder of this report, we discuss how disaster science has grown over the
last century and how this informs our modeling of society following a nuclear weapon of mass destruction (WMD)
event (Section 3). After presenting the formal model we then discuss some results from our model in Section 4. Finally,
we provide a discussion of this research including what we have learned and identify areas of further research (Section
5). Finally, for interested readers we provide a summery of research outputs and links to the code and data products
resulting from this project Appendix A.
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2 Background

While the focus of this research was on how society might respond from a nuclear WMD event, we would be reminisced
if we did not �rst discuss disaster research and the role of complexity. Our rationale being that there has been century of
disaster research which has been used to gain a greater understanding of how individuals, families, and social systems
operate under extreme stress, how individuals and societies respond to disrupted social systems, and what can be
done to aid those harmed by disasters. Studies of behavior in these disasters has provided insights into individual
and community coping mechanisms (e.g., [21]). Over the recent decades, insights from research on disasters1 have
been institutionalized and applied in new strategies and tactics for mitigation, preparation and warning, emergency
response and aid, and recovery (e.g., [27]) at local, national, and global levels to reduce the risk of disruption and harm
from disasters. The increasing frequency of disasters caused by climate-change [28] has added a sense of urgency to
disaster research while at the same time researchers in several �elds, notably economics (e.g., [29]), socio-ecology
(e.g., [30]), and human-coupled systems (e.g., [31]), have recognized the importance of framing human systems as
complex adaptive systems and have begun to study their implications for global markets, climate change, and the
organization of cities. The application of complexity theory and complex adaptive systems has led to new conceptual
tools for explanation in sustainability and urban studies research such as adaptive capacity (e.g., [32, 33, 34]) and spatial
clustering of socioeconomic groups (e.g., [35]), and a few notable works in disaster research have begun to explore its
application to disasters both in discourse (e.g., [36]) and in practice (e.g., [37]).

Our project proposed an approach for exploring disasters using the lens of complex adaptive systems that we argue
can organize theories and provide explanation of the interactions and adaptations observed in disasters. Complex
adaptive systems are nonlinear dynamic systems in which the interactions between individual elements and actors lead
to emergent behavioral patterns and adaptation which one might witness after a WMD event [38, 39, 40]. Nonlinear
systems are those in which inputs and outputs of the system are not proportional to each other. In the family of complex
systems, complex adaptive systems are distinguishable by processes of adaptation including learning carried out by
actors who respond to changes both inside and outside of the system's boundaries. System properties such as learning
and adaptation in general lead to dynamics that include emergent behavior, �ows of information, and system shifts
between stability and instability (i.e., in and out of equilibrium). The emergent behavior results from interactions
between individual components or subsystems, feedback loops, and self-organization. Popular examples of complex
adaptive systems include cities in urban studies, ecosystems in ecology, and ant colonies in biology. The view through
lenses of complex adaptive systems in these areas have led to discoveries such as the patterns of power laws and scaling
in cities [41], the importance of heterogeneity for resilience of ecosystems [40], adaptive cycles in ecology and societies
[42], and the role of self-organization in evolutionary biology [43].

The theme of complexity was already evident in disaster research (e.g., [44, 45, 46, 47]), but complexity theory has only
been directly applied in a few rare examples (e.g., [48, 49, 50]). Generally, theory, as used in disaster research, is built
on case studies of disaster events and on statistics, both drawn from decades of data collection, not unifying theories.
In fact, there are no unifying theories. Rather, we would argue that the �eld is dominated by middle-ground theories
such as uniformities of societal patterns following sequence patterns [51], therapeutic adjustments in disaster [22],
patterns of pre-disaster growth and decline continuing after a disaster [52], and social networks shrinking as disaster
victims prioritize resources and energy [53]. The importance of a unifying general theory lies in its explanation of
human behavior in disasters and the potential for prediction and knowledge of areas that could be affected to improve
societal well-being. Overlaps of current theory in disasters and complex adaptive systems could point to the application
of a new set of theories for application in disaster mitigation, preparation, management, and recovery as well as new
methodological tools that being applied in the �eld of complexity science.

To determine whether applying theories of complexity and complex adaptive systems could support explanation of
human behavior, within this report we will explore three complex adaptive systems as evident from theories in disaster
studies. These systems are: 1) the physical system (Section 2.1.1), consisting of geological, biological, meteorological,
ecological, and human-built systems (including nuclear weapons effects in Section 3.3.4); 2) the social system (Section
2.1.2), consisting of formal and informal socio-cultural structures and collective behavior; and 3) the individual system
(Section 2.1.3), consisting of the actor agents and their cognition.

Before we do, some terms and concepts need explanation. Collective behavior can be understood as the aggregated
behavior of individuals in informal groups, families, or formal organizations. Individual actors in socio-ecological
systems (i.e., physical systems) and collective behavior (i.e., social systems) have their own bio-physical and cognitive
systems that process information and emotion before any identi�able behaviors and actions. Individual, goal-driven

1Readers should note that there are a multitude of de�nitions of what constitutes a disaster, and it is not the purpose of this report
to discuss that issue, as it would distract from the main topic. However, readers are referred to example de�nitions such as those
covered in [22, 23, 24, 25, 26].
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behavior drives actions and feeds bottom-up processes that reshape both the physical and social systems [8]. The social
system is composed of individuals whose collective actions are aggregated into formal structures such as organizations
and governments and informal behavior such as everyday actions evident in commuting, migration, and market demand.
These social and cultural actions aggregate into larger forces that shape human and natural systems—for example,
creating neighborhoods and setting aside wildlife sanctuaries. Physical dynamics in the geological, ecological, and
human-built systems affect the conditions under which individual actors and groups behave, and the systems of collective
behavior respond to and in�uence the shape of physical systems and the individual cognition of actors [54].

Each of these systems changes and adapts in response to internal processes and each other as part of a complex adaptive
system of systems. The interactions and adaptations of these systems produce nonlinear relationships with properties of
aggregation, feedback, self-organization, emergence, diversity or heterogeneity, and �ows of information, resources,
and energy. According to Holland [38], the decision-making behavior and adaptation of the individual entities in the
system together build on and add to the complexity of the overall system, ultimately creating a “whole that is greater
than the sum of its parts.” Typically studied in separate disciplines, the integration of these systems into a complex
adaptive system of systems may improve explanation of the phenomena and dynamics in disaster (such as a WMD
event) that interact and cut across systems and suggest new theory and sources for data that support explanation of
human behavior.

A systematic review of theory in the disaster literature as presented in this report will demonstrate the properties and
dynamics of complex adaptive systems and how complexity theory is integral to understanding human behavior in
disasters by addressing the interactions across systems (which we will demonstrate in Sections 3 and 4). For the purpose
of this research, the main properties of complex adaptive systems are narrowed to the following: heterogeneity, webs of
connections (such as social networks), relationships and interactions, and adaptations arising from individual actions,
decisions, and learning (which relate back to our four core ideas �rst introduced in Section 1). As noted above, we will
explore disaster theories in three intersecting complex adaptive systems: the physical system, the social system, and
the individual actor's system using evidence from the disaster literature. The remainder of this background section is
organized as follows. First we identify disaster theories that align with the three systems and test whether properties of
complex adaptive systems exist (Section 2.1). We will then discuss the characteristics of a complex adaptive system and
how complexity theory can be applied to disaster research in Section 2.2. Finally, we will summarize the �ndings and
explore implications for future disaster research (Section 2.2.4) and how this leads to our model exploring how people
might react in a WMD event (which is presented in Section 3).

2.1 Organization of Disaster Research as Three Systems

To �nd evidence that disasters can be viewed as complex adaptive systems, we focus our discussion on social science
theories, frameworks, and models that explain how people on the ground behave before, during, and after a disaster as it
relates to the physical, social, and individual systems. This is particularly important as it allows us to draw analogies
to how people may react during a WMD event which unlike other disasters (e.g., earthquakes, �res, hurricanes) is
not that common. Works speci�cally relating to emergency response management, risk management, and public
communications in disasters were avoided because our research is targeting the underlying, bottom-up effects of human
behavior in disasters rather than hierarchical, top-down, organized responses that eventually come to play. Also, we
do not explicitly look at the interactions between human and technological systems as we �nd that this, in a sense,
is often implied in the literature, rather than studied directly (e.g., [55, 56, 57, 58]). For those interested in research
and theory on technological and organizational disasters and the interactions of individuals on the built system (i.e.,
infrastructure, etc.), we refer the reader to the works of such as [59, 60, 61, 62, 63, 64, 65]. In addition, there is a large
body of work on current emergency and disaster management that includes literature reviews and curricula for the
emergency management community (e.g., [66, 67, 68, 69]). The intent of this review is to demonstrate how disaster
theories and frameworks have evolved so that we may understand the processes within disasters with respect to physical,
social, and individual systems. Our goal is to lay the foundation for thinking of disasters in a complex adaptive systems
framework (Section 2.2) and incorporate this into our framework and model of how society might respond to a WMD
event (Section 3).

2.1.1 Physical Systems

The physical system, as de�ned in this report, consists of geological, biological, meteorological, ecological, and
human-built systems, and the dynamics within this system have always been present in disaster research. Early disaster
and catastrophe studies centered on extreme events that caused injury or the loss of life and property within the social
and physical systems of cities and townships. These events were conceptualized as unforeseen, rare, and extreme
interruptions in everyday life and social activity, and after a period of recovery and social change, activities would
stabilize and return to normal (see [51, 70, 71, 72]). Research during this period can be categorized by studies on
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speci�c forms of disaster (e.g., bombing, explosion, earthquake, tornado, hurricane, �re, or �ood) and their social and
psychological impact on individuals and communities. Although work between the 1930s and the 1950s was in its early
stages, Wallace [72] collected a body of disaster studies and completed an interdisciplinary survey with contributions
from the �elds of psychiatry, general medicine, psychology, sociology, anthropology, economics, and political science.
During this early period of research, disasters were often understood in the context of a trigger event within separate,
external processes such as natural geophysical and meteorological phenomena—e.g., earthquakes, hurricanes, and
tornados [73]—manmade events such as famine, pestilence, war, or revolution [74].

Breaking away from this approach, White [75] argued that disasters resulted from interactions between acts of “nature:
and acts of man.” For example, White's [75] study of �ooding disasters explored natural hazard and �ood plain
environmental features and their human occupation, corresponding social and economic policies, and behavioral
adjustments to the �ood plain. In a broader study of disruption from environmental extremes, Burton et al. [76]
found disaster events resulted from a combination of physical and social processes in which communities adjusted
their behavior based on perceptions of the environmental hazards. This was followed by the systemic framework of a
hazardousness of place in a regional ecology [77], and a socio-ecological system model of an interaction process between
man and nature [78]. Subsequent studies have shown that disasters occur at individual, group, and societal levels, and
individuals collectively adjust and shape their environment at local, national and global scales (e.g., [79, 52, 80]) based
on their perceived risk and in response to natural extremes. Barkun's [81] study of the systemic issues of temporal and
spatial scales in disasters revealed that modern disasters were not constrained by spatial and temporal boundaries, but
rather occurred across scales. For example, Typhoon Haiyun in 2013 triggered a top-down, organized international
response to a regional disaster in the Philippines [82]. Local, bottom-up responses had signi�cant roles in the case of
the 2010 and 2012 earthquakes in Canterbury, New Zealand, even though they were found insuf�cient without external
aid [83].

By the 1980s, conceptions of climatic vulnerability and resilience entered into the vernacular, and the understanding
of disasters shifted from single events or type of hazard to ongoing processes and relationships (e.g., [84]). Natural
disasters were coming to be considered the outcome of extreme geophysical processes and the failures of human systems
to appropriately manage ongoing relationships with their habitats. A longitudinal review of large-scale disasters by
O'Keefe et al. [85] revealed that geological changes could not explain the increasing costs and loss of life unless the
population's vulnerabilities and socio-economic factors were also assessed. Timmerman [47] introduced the concept
of risk and risk assessment, and he addressed how hazards stress the socio-ecological system, inducing adjustments
and adaptations in the social system depending on periodicity. Social systems under continuous and periodic stress
make permanent and temporary adjustments to continue functioning, such as in the case of annual �ooding, while those
systems that experience periodic stress only adjust to disasters of greater magnitude, such as in the case of building
improvements to resist earthquakes. In a collection of studies, Hewitt [84] showed that disasters were dependent on
how social systems assess and adapt, avoid, or reduce the risk from hazards.

The signi�cance of human contribution to losses of life and property in disasters was widely recognized by the 1990s,
and studies on vulnerability accounted for social, cultural, economic, and political processes as well as the ongoing
geophysical and biological processes that trigger natural disaster events. One such example is the Pressure and Release
Model and the Access Model proposed by Blaikie et al. [86]. In these models, the focus was on the social vulnerabilities
within a community rather than the hazard itself. These two models integrated top-down natural and social forces with
bottom-up individual decision-making of a population of actors, and they incorporated macro- and micro- mechanisms
into the larger socio-ecological system. By studying the interconnections of natural and social systems, researchers
began to analyze the interrelated and interdependent elements in the ecological research �elds with respect to human
sociocultural systems and ecological networks. The integration of ecological and social systems revealed interdependent
relationships and adaptive strategies that evolved through selective forces to reduce vulnerability in disasters [87].
Cannon [88], using a similar systems approach, showed how the risks and opportunities in the environmental system
are unevenly distributed throughout the population based on social power structures and can be analyzed through
vulnerability maps. Mileti [27] used the human-coupled systems (or socio-ecological systems) approach to understand
the complex interactions between the environment and human perceptions, actions, and organizations to introduce the
concept of sustainable hazard mitigation with the objective of using sustainable community planning to reduce disaster
losses.

New models like Blaikie's et al.[86] and Mileti's [27] conceptualizations of “sustainability” re�ected a shift in disaster
issues from a paradigm of hazards and emergency to that of risk reduction and mitigation. Disaster events were no longer
viewed as unusual and infrequent, but part of larger socio-ecological processes deeply rooted in local communities, and
these processes were embedded in complex adaptive systems (e.g., [89, 90, 91, 92]). Such work also emphasized that
when studying local- and regional-scale interactions one should account for local memory and learning processes to
address sustainability, risk reduction, and the adaptive capacity of these socio-ecological systems [93]. The work was
subsequently extended to account for dynamically linked systems with structures, processes, feedback, nonlinearities,
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uncertainty, resilience, and entropy that signal a complex adaptive system's ability to self-organize and build capacity
and to learn and adapt to recurrent disturbances and change (e.g., [94, 95, 96, 97, 98, 99, 100]). In the context of
disaster research, these effects have been explored as a community's adaptive capacity (e.g., [101, 102, 103]) and
adaptive resilience (e.g., [104, 105, 106, 107, 100]). As a result of these works, the application of system of systems
and properties of complexity has increasingly begun to appear in the disaster literature (e.g., [108, 109, 48, 96, 50, 110,
111, 112, 113, 100]). Work addressing complexity has spawned new areas for interdisciplinary theory such as relating
critical infrastructure to society's feedback loops in cascading disasters [114]. However, it has not been fully applied
the lens of complex adaptive systems.

In summarizing this section, the general body of disaster research on areas within the physical system has grown
from treating each disaster as an isolated, unique, extreme event to the study of disaster events as part of larger
socio-ecological and human-coupled system processes. As more data was collected over time, researchers were able to
de�ne elements of the social and the ecological systems and incorporate them into the context of a complex adaptive
system (e.g., [90, 115]), and this categorization has provided the language and metrics to �nd evidence of causation
in the midst of multi-scale dynamics, non-linearity, and uncertainty. The interactions, inter-dependencies, processes,
feedback, and learning of the physical system's elements have led to the conceptualizations of adaptive capacity and
adaptive resilience. With this physical subsystem of disasters discussed, we now turn to the social side of disasters.

2.1.2 Social Systems

At the core of disaster research is the study of group behavior (which we integrate into out model in Section 3.3 and it
results in Section 4.4). Here we focus on the social system and the behavior of groups, families, organizations, and
communities underlying disaster response. Prince [71] was the �rst to document the disintegration of the social system,
particularly governance and behavioral norms, in response to a disaster. His work established a central theory of disaster:
with the crisis comes social chaos and then the transition of organizations into new forms of collective behavior, social
relationships, and compositions [71, p. 67] (see also: [116, 117]). Studies following Prince's [71] work differentiated
behavior based on the disaster's causation, whether “man-made” events, such as war and technological accidents,
or, on the other hand, “natural,” such as disease epidemic, earthquake, or �ood. The natural events were viewed as
infrequent occurrences that could be mitigated with better preparation and response [73, 74, 72]. Similar to work on the
physical system cited in the last section (2.1.1), this early research on the social system was generally descriptive and
concentrated on documenting basic observed behaviors (e.g., victim trauma, convergence of aid responders to the area
[73, 71, 72]). The importance of this work during this period was to dispel disaster myths by establishing that panic
was an infrequent behavior and required speci�c conditions and that emergency warnings could signi�cantly affect
behavior [73, 118].

By the 1960s, a growing body of work led to the development of a number of disaster theories. One such theory
was Fritz's theory of therapeutic adjustments [22] in which the situational characteristics of the disaster along with
community adjustments lead to a shared experience that provides physical and emotional support. Fritz found that
human behavior differentiated in relation to the disaster's spatial zones, time periods, type of involvement (e.g., victim,
national guard, medical professional), and prior preparation and conditioning. Leeds [119] proposed that the cultural
norm of unilateral giving replaces that of reciprocity in response to the social vacuums that arise from non-routine
situations. Anderson's [120] study of a 1964 Ohio River Valley �ood found that repeated community adaptations
created a sub-culture of learned organizational responses in norms, values, knowledge, and technology to cope with the
physical system. In this speci�c case, community leaders in the Cincinnati area developed a set of emergency standby
mechanisms and complex inter-organizational disaster plans to combat �oods. Drabek and Boggs' work [121] identi�ed
that family ties had a signi�cant effect on responses to warnings and the decision to evacuate, and Turner [122] proposed
that mechanical and organic solidarity are enacted and used by community residents to provide emotional support and
overcome disaster trauma. By the end of the decade, Barton [21] collated a comprehensive volume summarizing disaster
theories of individual and collective behavior in response to extreme stress. Most notably, Barton proposed a detailed
model of the therapeutic community response that included the activation of a communication system, the willingness
of victims to communicate the extent of deprivation, sympathetic identi�cation with the victims, relative deprivation,
blaming of the victims, a normative mechanism, and situational and motivational determinants of helping [21]. With a
relatively robust and growing body of studies, researchers were able to move away from simplistic explanation and
models for behavior in disasters. New descriptive and explanatory theories were able to differentiate behavior found
within the types and stages of disasters, and disaster research on collective behavior in the following decades built on
these �ndings of behavioral differentiation.

The growing body of empirical data on human behavior in disasters ultimately led to a challenge of the predominate
conception of therapeutic community culture in disasters. Although it has been challenged in later research (e.g.,
[123, 124]), Erikson's study of the 1972 Buffalo Creek �ood [125] suggested that the disruption of social networks
and neighborhoods could result in a collective trauma of fear, apathy, and demoralization. Further, longitudinal studies
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of disasters by Quarantelli and Dynes [126] showed that community cooperation frequently occurred in the early
emergency stages of the disaster, but that con�ict arose in the later stages due to variations in socio-cultural conditions.
Oliver-Smith [127] explained this with in-group/out-group dynamics and varying patterns of social identi�cation and
interaction in the face of evolving problems during the long processes of recovery and reconstruction. The characteristics
of long, slow disaster processes, and long-term disruption and stress, such as those in technical disasters with chronic
community stress, prevented the emergence of a therapeutic community [128, 129]. In such instances, it was found that
communities experienced a corrosive community process, characterized by blame assignment and evasive, unresponsive
authorities [130]. Rather than creating therapeutic processes through cohesion and support, emergent groups become
non-responsive, competitive, and hostile.

To uncover the therapeutic and corrosive processes of social relationships, studies of informal relationships and social
network effects entered broadly into disaster research around the 1980s. Up to this time, research on the social system
had focused primarily on organizations and to a lesser extent on families. Drabek et al. [131] completed an in-depth
study of kinship and friendship relationships that revealed exchanges in these relationships supported disaster recovery.
These networks of relationships were shown to operate as parallel structures to formalized organizations. Later it was
shown that families made decisions, determined disaster activities, and mediated the �ow of information as a unit [132],
and social networks were crucial to the early formation of emergent citizen groups [133]. Bolin [134] developed a
preliminary model of family recovery based on levels of embeddedness in kin and institutional networks. A comparative
case study of disasters by Bolin and Bolton [135] along the dimensions of disaster agents, ethnic groups, patterns of
destruction, aid utilization, and victim recovery revealed complexities and variations in the process of disaster recovery,
but also found that at all the disaster sites kin relationships provided morale and emotional support. In another social
model, Bates [136] conceptualized modern society as a complex network of social systems which were later shown as
linked through social mechanisms [137]. These enduring social relationships were again found to be the determinants of
collective behavior in an application of emergent norm theory to evacuation behavior [138]. All of the studies discussed
in this section so far indicate the signi�cant role that social relationships have played as both potential vulnerabilities
and opportunities for support and adaptation in disasters.

Building on theories of therapeutic and chronic processes and effects of social relationships on human behavior in
disasters, the 1990s can be characterized as a period of discovery and differentiation in which new details of human
behavior were uncovered rather than a period of major advances in theoretical understanding. Researchers found that
disaster phases were not necessarily sequential and did not uniformly affect an area [139]. Other work found that
disaster vulnerability and response was situational, and analysis of vulnerability variables, gender, age, ethnicity, and
disability revealed that individual hazard perception and choice of behavior were constrained by existing relationships
and power in social structures (e.g., [140, 141]). Race, education, and age [142], gender [143, 144, 145], age and
income [146, 147], and ethnicity [148] have also been shown to deferentially affect the experience of and recovery from
disasters.

Disaster research in the 21st century has brought a surge of social theories and models that integrate underlying
social, economic, and political processes, the interconnectedness of individuals and communities in resilience, and the
complexity of these dynamics in disasters. Perhaps the most signi�cant advance is the re-conceptualization of citizens
as resources rather than simply victims [149, 150]. Numerous studies have argued that community resilience and local
capacities are neglected in disaster planning and response (e.g., [151, 152, 153]). Dynes [154, 155] incorporated social
capital into the conceptualizations of communities in disasters. Nakagawa and Shaw [156] and Shaw and Goda [157]
subsequently found that higher levels of social capital and collective action were associated with faster disaster recovery
from the Kobe earthquake of 1995. Micro social networks have also been demonstrated to be important for disaster
recovery and the evolution of institutions to solve post-disaster collective action problems [158], and varying forms
of social capital in bonding, bridging, and linking social ties could alter the effects of disaster resilience and recovery
mechanisms [159].

The local capacity of communities to prepare for, respond to, and recover from disasters is now embedded in new
models of community resilience including Tobin and Whiteford's structural-cognitive model [160], Rose's economic
model of inherent and adaptive resilience [107, 99], Maguire and Hagan's social resilience model [161], and Cutter
et al.'s widely adopted Disaster Resilience of Place (DROP) model [101]. In such work resilience can be broadly
understood as the ability to withstand stressors and return to normal activities. Norris et al. [106] found that community
resilience emerges from four primary sets of adaptive capacities: economic development, social capital, information and
communication, and community competence. Their work noted this requires intangible community capabilities such as
�exibility, decision-making skills, and trust, while others have shown that resilient communities are those that effectively
activate formal and latent social connections for self-organization and local leadership (e.g., [162]). To account for
the complexities in disasters, Pelling [93] developed a participatory framework of vulnerability and risk assessment
that enables disaster risk reduction and management to cross scales from the global to the local. This framework
allows for adaptive learning using local knowledge that empowers the local community in times of disasters. We see
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this in the theory of adaptive governance [163], in which key persons self-organize into social networks to develop
common understandings and policies for ecosystem-based management, that has been applied to disaster resilience and
risk reduction [164, 165]. In an analysis of disaster risk reduction, Wisner et al. [166] con�rmed the importance of
these properties in disasters: multi-scale, top down and bottom-up dynamics, outside specialist knowledge from many
disciplines, and local knowledge. These theories, frameworks, and models integrate new conceptualizations of group
behavior that include social capital and resilience, networks and learning, open and adaptive systems, adaptive capacity,
and complexity.

Research on the social system in disasters has revealed complex processes of social interactions, at times cohesive
and at other times divisive. Early work documented the basic behaviors in different types and stages of disasters (e.g.,
[22, 72]), and these were later attributed to social norms of reciprocity, culture, family, and solidarity in crisis. Building
on a body of empirical studies, models of a therapeutic community response [21] and a corrosive community process
[128] showed how collective behavior could become either cohesive or divisive. These processes could be present in
the same disaster depending on the stage and duration of the disaster, socio-cultural conditions, and the quality of social
relationships. Ultimately researchers developed complex theories that incorporated underlying social, economic, and
political processes such as community resilience, adaptive governance, and social capital (e.g., [160, 163, 101]). All
of these current theories incorporate individuals in webs of relationships acting within complex, adaptive social and
physical processes.

2.1.3 Individual Systems

The actors underlying the social system are individuals whose cognitive systems determine behavior and interactions
with others and their environment, the physical and social systems (this notion will be brought out in Section 3.3 when
we introduce our agents). Early work on disaster theories of individual cognition and psychology arose from studies
of population reactions to stresses in war and later to extreme weather events. For example, Wallace [72] called the
dominant individual reaction a disaster syndrome, in which those affected by the event were described words such as
“shock,” “dazed,” “stupor,” “apathy,” “stunned,” and “numbed” as a result of cognitive dysfunction that arose from
disruption of their culture and routine behaviors. Killian [167] theorized that this led to con�ict as individuals struggled
to sustain the behaviors required for membership within social groups after a disaster. Empirical studies provided
evidence of a mix of individual reactions in disasters; speci�cally, Tyhurst [168] found that approximately 75% of
individuals displayed symptoms of a stunned and bewildered lack of awareness or restricted �eld of attention, while
10-25% were confused, paralyzed, hysterical, or screaming, and 12-25% were cool and collected. Panic was also found
to be an unlikely response to disasters [73], but rather manifested only under speci�c conditions [118]. To explain some
of the variation, Glass [169] proposed individual psychological states at each stage of a disaster: pre-impact (denial,
adopts fatalistic concept, apathy, and training), warning (over-activity and �ight), recoil (under-activity, apathy, disaster
syndrome, or fatigue), and post-impact (grief, understanding of personal loss, anger, or resentment). In the post-impact
stage, scapegoating was found to rise from a complex mix of frustration, fear, guilt, and latent hostility [170].

Moving beyond the stages of disaster, Fritz [22] theorized that when disasters strike and social patterns and cultural
norms are disrupted, individuals are forced to make critical choices within very short time-spans. Issues of survival,
subsistence, shelter, and health take precedent over social order and meaning, and individual reactions to the perceived
context differentiates their behavior in relation to location, time, involvement in the disaster, and preparation and
conditioning. Crawshaw [171] provided empirical validation of these differentiated individual reactions and attributed
them to the needs of individuals in speci�c age groups and family make-up. During this time period, Lazarus [172]
proposed a psychological stress theory in which individuals engage in threat appraisal rather than anxiety arousal before
engaging in coping mechanisms of actions to strengthen resources from harm, attack, avoidance, or defense. The theory
was later modi�ed to include cognitive appraisal with assessments of the person-environment transactions and problem-
and emotion-focused forms of coping under stress [173, 174]. Adding to the complexity of individual behavior and
decision-making, Drabek and Boggs [121] found that individual behaviors and choices were heavily in�uenced by the
warnings and evacuations of relatives and by their familial roles as parent, child, elder and younger family members.

In his summary review of disaster studies, Barton [21] attributed individual behavior to personal emotions and
preferences and to role behavior in informal and formal organizations, and deeper psychological and social norm
explanations followed. Perry and Lindell [175] developed a conceptual model of inter-related factors that have
individual psychological consequences along three dimensions: the characteristics of the disaster, the characteristics of
the social system, and the pre-impact characteristics of the individual. These factors included community preparedness,
forewarning, scope and duration of impact, destruction of kin and friendship networks, extent of property damage,
pre-impact psychological stability, grief reactions, disaster subculture, and existence of a therapeutic community and
institutional rehabilitation. Mawson [176] proposed a theoretical model of social attachment to explain self-preservation
and the lack of behavior in disasters and crises. In response to a threat or disaster, the typical individual seeks the
proximity of familiar persons and places, and thus individuals do not �ee from a disaster, but rather �ee to social
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attachments. In the post-impact stage of disasters, a signi�cant part of individual trauma was found to be the loss of
these family members, community, and other social attachments [125, 73, 168].

Individual stress and behavior in disasters was not only attributed to psychological explanations of loss or change of
social attachments, but also to the disruption of social norms and corresponding rules of behavior. Emergent norm theory
[177] attempted to explain that when individuals encounter new situations, new norms can “emerge” spontaneously
from ongoing social processes and events without re�ection of existing social structure. However, societal norms
continue to constrain individual behavior in times of stress [178], and individuals maintain these norms and extend
their social roles to address the needs of a crisis [178]. Individual self-categorization [177] and social identity have
been found to be signi�cant in disaster behavior, explaining emergent groups and affecting group solidarity [179] and
provisions of aid [180]. Similar to the pattern of research studies in the social system, individual behavior research in
the 1990s provided few new theories, but it did produce �ndings of both heterogeneous and homogeneous behavior at
different times of the disaster. A meta-analysis of studies on psychopathology, psychological problems, and pathologies
or impairments suffered by post-disaster victims [181] provided evidence of signi�cant heterogeneity in post-disaster
responses. Individual responses varied by victim and disaster characteristics depending on the death rate/loss of social
attachments, time elapsed from impact, and degree of human responsibility. A contrasting study by Goltz et al. [182]
found that the rapid onset of disasters elicited more homogeneous responses with individual behavior motivated by fear
and in�uenced by the presence of others. At the onset individuals engaged in rational self-protective activities to prevent
injury during an earthquake. These were survival-oriented, learned and adaptive responses from past experiences.
Adaptive behavior also affected the social attachments of individual victims as they pruned their social networks in
times of disaster to optimize energy and resources [53].

The signi�cance of social attachments as an explanation of individual behavior was further reinforced in the 2000s.
Hobfoll's [183, 184] process-based theory, Conservation of Resources (COR), predicts that resource loss is the principal
ingredient in the stress process and that self and individual stress is derived from primary social attachments within
families and intimate social groups. These attachments, as re�ected by social embeddedness, the size, level of activity,
and closeness of a social network, were also found to protect individuals from psychological distress [185]. Mawson
[186] revised his theory of social attachments and proposed that individuals balance the need to be close to af�liative
attachments and to be far from physical threats. This social attachment theory was elaborated by Mawson [187] using a
biopsychosocial approach based on stimulation-seeking and stimulation-avoidance behavior. “Panic,” including �ight,
aggression, and other forms of intense agitation, is a result of intense stimulation-seeking behavior, activities that
facilitate contact between an organism's sensory receptors and external objects, arising from a high level of arousal.
Individual resilience and forms of capital, including social, are the latent measures of capacities and resources in the
Resilience Activation Framework [56] which can be used to test how access to social resources promotes adaptations
and coping mechanisms in crisis and disasters.

Disaster research in the 2000s also introduced new cognitive science approaches for explanation of individual behavior
that focus on decision-making within the broader context of survival, loss, and social norms. In a socio-cultural
model, Paton [188] used multiple dimensions of risk assessment and preparation based on motivation and intention
variables to provide explanation for disaster preparation behavior, and Rosenstein [189] proposed an assessment for
Decision-Making Capacity (DMC). Van Fenema [190] proposed the concept of collaborative elasticity, a collective
capability to manage the unexpected in crisis, that leverages theories of individual cognition, distributed cognition, and
the collective mind, and Ripley [191] emphasized cognitive responses to disasters and decision-making in a survival arc
of denial, deliberation, and decision before action. Leveraging work on decision-making and game theory, Eiser et al.
[192] proposed a conceptual framework in which individuals make decisions based on perceived risks in conditions
of uncertainty, and Espina and Teng-Calleja [193] have recently applied social cognitive theory [194] to show how
individual and environmental factors in�uence disaster preparedness. Individual interpretations of risk and actions in
uncertainty are shaped by experience, personal feelings and values, beliefs, and interpersonal and social dynamics. In
social cognitive theory personal agency is regulated between direct personal agency, proxy agency (relying on others to
act in one's interests), and collective agency (social coordination and interdependency). Extending social cognitive
theory, Benight and Bandura [195] found that human agency and perceived coping self-ef�cacy affected an individual's
recovery from trauma.

Compared with the research on the social systems, work on theories of individual cognition and behavior in disasters
outside of emergency management and organizational theory studies is not well-integrated into the disaster literature.
However, as occurred in the physical and social systems there has been a pattern of initial observation and descriptive
theory, discovery of underlying explanation, and research that gradually leads to more complex theories. These theories
have been posited from the perspective of roles and social norms (e.g., [177]) and psychology (e.g., [172]). Later
theories integrated both of these areas in multi-dimensional analysis of inter-related factors (e.g. [188, 175]) or delved
into biopsychosocial approaches (e.g., [187, 181]). The recent cognitive approaches to individual behavior bring all
of these approaches into a decision-making framework that accounts for the effects of roles and social norms, social
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attachments, and biopsychosocial processes in disasters (e.g., [192, 191]). It also provides explanation for individual
behavior as an output of the human cognitive system, a complex adaptive system that incorporates, among other features,
decision-making, perception, reasoning, memory, emotion, and biology. Now having reviewed the complex adaptive
nature of the physical, social, and individual systems of disasters, we can directly consider disaster as a phenomenon
within a complex adaptive system framework for the remainder of this report.

2.2 The Role of Complex Adaptive Systems in Disaster Research

In the previous sections we reviewed disaster theories within three systems: the physical (Section 2.1.1), social (Section
2.1.2), and individual (Section 2.1.3). We speci�cally highlighted speci�c properties of complex adaptive systems:
heterogeneity, webs of connections, relationships and interactions, and adaptations arising from individual actions,
decisions, and learning. Along with these properties, a complex adaptive system contains dynamics that include
feedback loops, patterns of self-organization, �ows of information and resources, and system shifts between stability
and instability (in and out of equilibrium). By de�nition, a disaster is a disruption of the social system after which
components and actors of the system must adapt and readjust in order to return to some form of equilibrium. Our
review found relatively few explanations of the interactions, processes, and feedback that cut across the three systems,
other than that of Gunderson and Holling [90]. We would argue that this gap can be addressed with explicit study of
the interactions between subsystems through the lens of complex adaptive systems. Complexity science identi�es a
complex adaptive system as a system within which the interactions between individual elements and actors lead to
emergent behavioral patterns and adaptation [38, 39, 40]. The properties and dynamics of complex adaptive systems
are found in the physical system, the social system, and the individual system. To test whether disaster and complexity
theory are integral to understanding human behavior in disasters, a systematic literature review of disaster theories was
organized and discussed in Section 2.1. Our organization was then used to explore theories related to the physical,
social, and individual systems. The following section provides a brief argument for how each of the systems can
be linked (Section 2.2.1) building upon what was discussed in Section 2.1. This leads us to how the integration of
these systems (i.e., physical, social and individual) exposes their interactions, and we introduce our framework of the
intersecting complex adaptive systems of disaster (Section 2.2.2). Lastly, we discuss how concepts of complex adaptive
systems and complexity science can be applied in disaster research (Section 2.2.3).

2.2.1 Linkages between the Physical, Social, and Individual Systems

In the context of the physical systems, disasters are caused by a combination of physical and social processes.
Early theories identi�ed periods of stability, system disruption, and a return to stability as discussed earlier (Section
2.1.1). By the mid-1900s, the physical and social processes of disasters were recognized as being shaped by both
individuals and society (e.g., [76]). Disasters were later recognized as events occurring across multiple scales (e.g., [81]).
Interdependencies between the ecological (i.e., physical) and human (i.e., social) systems and adaptive strategies led to
evolutionary change [87] such as seen in agroforestry processes in the Amazon (e.g. [196, 197, 198]). The adaptation
and adjustments of a social system created varying hazards and risk pro�les, and models of disaster illustrated how
top-down and bottom-up processes affected disaster outcomes. The understanding of dynamically linked systems has
led to current socio-ecological models in which disaster events occur within a complex adaptive system that learns
and adapts in response to ongoing interactions. In this perspective the effects of individual and social system behavior
in groups and organizations are critical factors for explaining behavioral response and resilience to disasters (e.g.,
[109, 34]).

Collective behavior occurs as part of a social system (Section 2.1.2), whether it consists of informal groups, families,
organizations, or communities, and these collective behaviors are the aggregate behavior of individuals who respond to
disaster events. Behavioral responses are the result of both the physical effects of the disaster and the interactions in
formal and informal social relationships. Modern disaster theories integrate these understandings of complex social,
economic, and political processes aggregated from the interactions between community members in therapeutic and
corrosive processes. They are now used to measure the capacity of communities to survive and recover from disaster
events (e.g., [101, 106]), and these theories account for processes of adaptation, learning, and decision-making that are
core properties of a complex adaptive system (e.g., [166]).

As separate components of the social system, individuals are the drivers of bottom-up processes, and the collective
action arising from these individual systems are driven by their cognition (Section 2.1.3). Empirical data has shown how
varied individual responses are, and that these responses were largely rational and adaptive, albeit heavily in�uenced by
social connections, identity, experience, norms, and roles. Just as the individual system in�uences the physical and
social systems, past experience and the current context of the physical and social systems shape decision-making in the
individual system (e.g., [194, 184]). The social system as embodied in familiar connections has been found to be a
signi�cant factor in what decisions are made and how well individuals survive disasters (e.g., [121, 186, 187]). Recent
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research leverages cognitive science approaches that utilize decision-making theory to explain individual behavior as
shaped by complex interacting variables including the environmental context, emotions, experience, social norms, and
identity (e.g., [192, 188]).

2.2.2 Integrating the Physical, Social, and Individual Systems

Within physical, social, and individual systems, the properties and dynamics of a complex adaptive system are evident
in the sense that interactions between individual elements lead to emergent behavioral patterns and adaptation, and
heterogeneity is present in disaster impacts, collective behavior, and individual experience. The webs of connections,
relationships, and interactions within the systems lead to adaptations as system elements learn and respond to new
experiences. More signi�cant, the system effects in the physical system affect both individuals and society; societal
dynamics impact both the physical and individual systems; and individual actors affect their physical and social systems.
The dynamics in these three interacting systems as hypothesized could create their own sets of adaptations and emergent
behaviors; however, disaster research studies tend to be focused on one particular subset of human behavior in the
systems rather than on how the interactions between systems create feedback and aggregate effects.

To account for these greater systems interactions, we propose a model with three intersecting systems within a complex
adaptive system: the physical, social, and the individual systems, as shown in Figure 1. Interactions between the
physical, social, and individual complex adaptive systems aggregate to create larger effects from their properties and
dynamics. Heterogeneity can be found in the variations of disaster impacts on populations and geography. Flows exist
with the migration of populations, individuals sharing information, the physical force of the disaster, and subsystems
interacting. For example, when signi�cant rainfall leads to river �ooding, charitable organizations cooperate with
federal agencies, and individuals self-organize and apply occupational skills to save neighbors. In a disaster, all three
systems are thrown out of equilibrium and go through periods of adjustment to return to some form of stability. The
return to equilibrium internal to each system and externally between systems is accomplished in processes of emergence
and adaptation.

At the center of a complex adaptive system are the heterogenous actors interacting in processes that create feedback,
shifting the system in and out of equilibrium at some tipping point or critical threshold when a smaller change triggers a
set of unstoppable processes such as bank runs [199]. In disasters, the tipping point is when conditions have built up to
a point at which society is seriously harmed and can no longer operate its essential functions. The time of impact is an
example of the tipping point for a tornado, whereas the point at which a river crests over its levee would be the tipping
point for a slow-onset �ooding disaster. These tipping points occur when feedback mechanisms in the system are out of
balance. In the case of a natural disaster such as a wild�re, they can occur when positive feedback (adding energy into
the system and amplifying change) in the form of dry, hot air is not balanced with weather systems bringing negative
feedback (removing energy from the system and decreasing change) in the form of rain moving into the area. A nuclear
power plant accident also provides an example of feedback in a man-made disaster. For example, cutbacks in funding
for well-trained, quali�ed technicians could create positive feedback that leads to a failure to identify minor operating
problems and implement the appropriate safety protocols. Numerous feedback mechanisms can be found operating
in any particular disaster, adding to the complexity of the system and creating both added risk and opportunities for
mitigation.

A complex adaptive system's internal interactions that lead to emergence, adaptation, and, at times, disasters are evident
in many real-world examples. For instance, volcanoes provide an example of how physical forces build up pressure
inside the earth until they reach a critical threshold and are released in an eruption. From the physical system, discussed
in Section 2.1.1, we can observe how a greater frequency of volcanic eruptions creates a negative feedback signal that
signals settlements to move farther from the volcano and away from hazards. The fertility of volcanic soil creates
positive feedback motivating people to settle closer to the volcano, thus increasing the hazard. The negative and positive
feedback lead to settlement patterns such as found by Small and Naumann [200]. In this scenario, past individual
experiences of volcanic eruptions and livelihoods, such as taking care of livestock, also in�uence how people understand
and respond to these events, creating variations in the perceptions of the hazard and evacuation rates [201, 202]. Cultural
and social factors create social forces and norms that affect how communities organize and communicate to prepare,
mitigate, and respond to volcanic eruptions [203], and complexity theory suggests these forces can be identi�ed and
measured to �nd patterns in system behavior.

The case of volcanic eruptions does not illustrate how social (Section 2.2.4) and individual (Section 2.1.3) systems
affect the physical system (Section 2.1.1), but rather how the systems adjust their patterns of behavior to physical forces.
In another case of a natural hazard, �ooding is affected by both the physical and the social systems in a set of feedback
mechanisms. The physical �ow of excess water from rain runoff and snowmelt in seasonal weather patterns creates
forces that carve natural drainage basins collecting water and funneling it into shared outlets. When organizations,
governments, or industries set aside land areas and build infrastructure such as dams, levees, or housing, the social
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Figure 1: Intersecting Complex Adaptive Systems of Disaster

system reshapes the �ow of water and creates its own structural forces that affect the physical system, developing new
spaces for �ooding in catchment areas. The relationship between physical and social actions that reshape topographies
in the environment and create new water�ow patterns can be understood as feedback between forces in the physical and
social systems.

In the social system (Section 2.1.2), forces that affect �ooding include structures built by governments and landowners,
building codes, and �ood management policies in the form of regulation, insurance, and land management policies
implemented to reduce the risk and costs of �ooding (e.g., [204, 205]). The adjustments between the physical (Section
2.1.1) and social systems (Section 2.1.2) create cycles of �ooding and implementation of new �ood protections
[206]. These interactions reduce the frequency of �ooding events, but also increase the risk of catastrophic �oods if
�ood protection measures fail [207]. As theorized in the Panarchy model [90] and complex adaptive system theory
in complexity science [30], �ows in the two complex adaptive systems, the physical and social, are continuously
interacting and readjusting. The feedback between �ows ultimately leads to a tipping point or critical threshold, when
the systems are thrown out of equilibrium due to failures in the drainage system and catastrophic �ooding.

The individual system, discussed in Section 2.1.3, also creates forces that lead to feedback between complex adaptive
systems. They form from bottom-up processes such as when public opinion builds to a point of revolution or when
an individual in technological systems triggers extreme damage through human error or implementation of weapons
of mass destruction such as planes or bombs. The Exxon Valdez oil spill provides one such example of the impact of
individual actors interacting with physical and social systems. At the disaster's tipping point, the Exxon Valdez tankship
grounded on Bligh Reef in Prince William Sound due to multiple factors [208]. The ship's master (captain) and the
third mate played individual roles with errors in judgment related to alcohol, fatigue, and work overload. Expanding
out from the individual to the social system, the Exxon Shipping Company was found to have inadequate manning
procedures, insuf�cient chemical dependency monitoring programs, and to have manipulated shipboard reporting of
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crew overtime. The Vessel Traf�c Service was found to be without adequate equipment, manning levels personnel
training, and management oversight. Preventative and mitigation measures in the form of regulations, equipment, and
response plans to guard against the environmental risk and respond to oil spills were determined to be inadequate
relative to the scale of the oil spill [209, 208, 210]. Among the �ndings, oil spills were an acceptable, inevitable risk
given the vital importance of the oil industry, but environmental safeguards were needed to reduce the risks inherent
with oil production and transportation [210]. In the aftermath, post-disaster clean-up and litigation efforts were just as
harmful as the oil spill itself [211, 212], continuing environmental and societal damage long after the disaster [213].

Economic forces, social structures, and technological complexity as represented by the Exxon Shipping Company, the
oil industry, and the government provided positive feedback in the complex adaptive systems. Negative feedback was
limited in this technological disaster with few processes that could lead to reductions in risk and mitigation, and those
that existed were poorly linked to those responsible for the positive feedback [214]. The continuation of unabated
positive feedback leads to punctuated entropy which is a permanent decline in the adaptive capacity of the system due
to cumulative disaster impacts [215]. Further complicating system action and adaptation, perceptions of the incident
were manipulated in media coverage [216, 217]. In these cases of high-impact, low- probability events, the complexity
of complex adaptive system dynamics as well as society's acceptance of often poorly understood risks makes such
technological disasters inevitable.

The analysis of disasters from the perspective of complex adaptive systems provides insight into the forces that shape
and lead to disaster as discussed here and in Section 2.2.1. By identifying the connections between the physical, social,
and individual systems and examining their relationships, researchers can measure the �ows that push complex adaptive
systems in and out of equilibrium. In the case of volcanic eruptions, equilibrium is established from long-term �ows
that lead to a balance of population size relative to the distance from the volcano. Changes in �ooding hazards show
how the social system continuously adapts with the physical system, reshaping �ood plains. Analysis of feedback
within the social system involved in the Exxon Valdez oil spill shows that the positive feedback from economic and
social forces were not balanced with corresponding negative feedback. The oil spill was an inevitable outcome of a
social system out of equilibrium, creating positive feedback that tipped over into the physical system and throwing it
also out of balance. In the context of disaster, the lens of complex adaptive systems provides new avenues for exploring
causation and identifying forces and solutions that can lead to negative feedback and maintain equilibrium between
systems.

2.2.3 Applications and Implications of Complex Adaptive Systems

Beyond the fundamental analysis of feedback and system equilibrium, the application of complex adaptive systems
and complexity science to disasters has a number of implications for disaster research. Theories of self-organization,
emergence, and interacting processes are central to both complexity and disaster, and these properties, as understood
in complex adaptive systems, are already being applied in some areas, such as with the model of the adaptive cycle
in Panarchy [90]. More important, the properties highlighted in this review—heterogeneity, webs of connections,
relationships and interactions, and adaptations arising from individual actions, decisions, and learning—give rise to
non-linear dynamics and high levels of uncertainty. The nonlinear dynamics indicate the potential presence of power
laws and, thus, proportional relative changes in the system that vary as a power of some attribute. Power laws are absent
of any “average,” and events in the systems described by power laws occur as “many small ones, a few larger ones, and
occasionally extremely large ones” [218]. The negative and positive feedback mechanisms often made visible in data
distributed by power laws are continuously driving the system into a critical phase [219], functioning at ever greater
ef�ciencies and toward the edge of chaos as described in Kauffman [43] and Lansing [39].

In complexity theory, the feedback created by multiple interacting subsystems creates observable patterns as the system
shifts in and out of equilibrium. One example of these patterns is the self-similarity evident in the social organizations
represented by networks. Self-similarity occurs when one part of an object displays the same pattern as its whole, such
as the leaves of a fern. Fractals are self-similar geometric objects or patterns, and by applying analysis to identify these
patterns, fractal network researchers have found network patterns to be a function of natural optimization processes
[220, 221]. Family groups self-organize themselves into nested hierarchies and social systems proportionally sized in
relation to available �ows of food, material resources, and other cultural information [220]. Another societal pattern
can be found in urban growth. As societal cultures change the rates of innovation, their wealth creation, patterns of
consumption, and behavior follow scaling relationships [222]. The measurement of these relationships maps behavioral
patterns or signatures in one set of cities that could serve as indicators or patterns of properties in others. Signatures are
the distinctive characteristic patterns that can signal the presence of particular variables or interactions. Family network
structures and urban growth both illustrate how the dynamics of a complex adaptive system create patterns with the
potential for short-term prediction of self-organization and optimized scaling.
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The complexity of the systems and their nonlinear dynamical nature preclude the possibility of traditional event
prediction. Unlike classical Newton approximations that produce a single-point solution, such as point estimates of
parameters in linear regression, a complex adaptive system cannot be approximated with linear equations. Instead,
researchers must look for a variety and range of bounded solutions. These systems are also sensitive to initial conditions
as described in Lorenz's [223] “butter�y effect.” As complex adaptive systems we can expect that the pre-existing
conditions of the physical and social systems will have signi�cant effect on how well social systems prepare for,
respond to, and recover from disasters, and this sensitivity to initial conditions will prevent the guarantee of any event
prediction. However, although more research is needed, there is evidence from simple models of complex systems that
early-warning signals could be detected in systems' behavioral patterns before some tipping point and a shift in the
system occurs [224]. Just as patterns in weather systems can provide short-term predictability, patterns in disasters could
be bounded in probabilistic outcomes. Practitioners will not �nd one-off solutions or policies for disaster preparation,
response, and recovery; rather, changes in behavior and policy could mitigate some harmful effects while preventing
others. As a result, the effectiveness of any one policy will vary over multiple events and hazards and will require
adjustments given existing conditions, and modelers will need to create simulations that represent the probabilities of
intervention strategies [225, 226]. Researchers will need to develop simple and complex models that speci�cally study
the mechanisms and feedback relevant in disasters (e.g., [227]). The goal of scienti�c study in this area will require a
shift from requiring de�nitive prediction to determining probable outcomes.

Understanding the dynamics of a complex adaptive system requires the exploration of the latent capabilities and
vulnerabilities in the particular system; i.e., those unobservable variables that are found to be signi�cant in disaster
outcomes as a result of bottom-up and feedback processes [228, 229, 83, 230]. These processes can be partially
attributed to the self-organization that occurs as individuals and organizations exploit existing assets or weaknesses.
Existing techniques to analyze latent variables include those from statistics (e.g., Regression Analysis, Latent Dirichlet
Allocation), machine learning (e.g., Latent Semantic Analysis, Factor Analysis, Hidden Markov Models), and the
tangential �eld of network analysis such as the measurement of social network capacity. The application of these
and other innovative statistical and machine learning techniques for latent variable analysis tailored for disaster could
improve research and practice in disaster management (e.g., [231].

Researchers and practitioners continue to contend with the multitude of interacting variables and adaptations in the
physical (Section 2.1.1), social (Section 2.1.2), and individual (Section 2.1.3) systems, and conceptual models of
complex adaptive systems such as discussed in this report (Section 2.2.2) are needed to study and test these interactions
in their system of systems. Research in the area of complex adaptive systems must explore the multiple interactions
of system components explained by multiple theories and visible in nonlinear dynamics that cannot be studied using
traditional qualitative and mathematical models [41]. Social network analysis and geographical information systems
(GIS) and other computational methods in the expanding �eld of computational social science provide new forms
of data that can more precisely measure the processes in physical, social, and individual complex adaptive systems
(e.g., [232, 233, 16]). Techniques in the computational social sciences using power law analysis and agent-based
models are necessary for the analysis of systems that cannot be reduced to single elements, actors, or processes. In
experimentation with complex adaptive systems, computer simulations provide the necessary repeated measurements of
accumulated data that magnify small differences, making them observable. They also enable collaborative processes
that develop shared-risk models for community stakeholders and policy-makers (e.g., [234, 235]), transforming data
into information and then knowledge. Analysis of complex adaptive systems in disaster requires a different approach
and new methodological tools that can manage large, heterogenous datasets; identify and calculate power laws; run
the high sample sizes of events in simulations needed to generate a range of expected outcomes; simulate events and
implement theories that cannot be tested with available �eld data (some of which we tackle in Section 3); identify and
explore dynamics with multi-level dependencies; and apply machine learning and other computational techniques for
latent variable analysis.

The implications discussed above and corresponding suggestions for methodological approaches are not intended as a
comprehensive set of approaches and techniques to address the disaster research questions in complex adaptive systems;
rather, they suggest potential areas for exploration. Dynamics in complex adaptive systems produce detectable patterns
and potential signatures for particular interactions, and although problems in complex adaptive systems do not produce
optimal, single-point solutions, possible outcomes can be computed. The lens of complex adaptive systems presents
a new paradigm for disasters that leads to new lines of inquiry. What data is necessary to observe and measure the
key feedback processes present in disaster? What are the repeatable patterns observed in disasters? What do they
signify? How should computer models of a complex adaptive system in disaster be designed to improve understanding
of system interactions? Further work is necessary to establish whether complex adaptive systems can provide any
level of prediction, as was the case in weather forecast modeling; however, the process of studying disasters from the
perspective of theories of complexity can provide insight into the interactions of individual, social, and physical systems
behavior.
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2.2.4 Summary of Disasters Viewed through the Lens of Complex Adaptive Systems

A century of research on disasters has evolved from the study of single discrete events that were largely addressed with
top-down responses for emergency rescue and management to the study of continuous, repetitive events with complex
interactions between systems and across scales. Originally these discrete events were not seen as interacting systems
or as a system of systems; however, this has changed over the last few decades. To demonstrate this development
within this report we have reviewed and organised theories for disaster study as three complex adaptive systems, the
physical (Section 2.1.1), social (Section 2.1.2), and individual (Section 2.1.3). Furthermore, we showed that these
systems are interconnected (Section 2.2.1) and described how these systems are integrated through webs of connections
and characterized by all the traits of complex adaptive systems (i.e., heterogeneity, interacting subsystems, emergence,
adaptation, and learning as discussed in our introduction (Section 1)). The lens of complex adaptive systems enabled us
to introduce a new conceptual framework of physical, social, and individual systems that interact across scales (Section
2.2.2). This conceptualization lays down a foundation for disaster science that explicitly studies disaster events as
parts of ongoing interactions and processes of subsystems rather than addressing them as individual systems. The
recognition that disasters arise within complex adaptive systems offers us a deeper understanding of these events and
the theories and tools available in complexity science as applied in Section 2.2.3. As evident in this background into
the development of our model, the explicit study of the interactions between these three systems is standard in today's
literature (Sections 2.2 and 2.2.1); however, further exploration of their feedback are needed to improve understanding
of the nonlinear dynamics that dominate disaster phenomena (Section 2.2.3). The major contribution of this synthesis
of material is a framework (Section 2.2.2) that can be used as a conceptual device to integrate disaster theories into a
large-scale system that balances the interacting dynamics of multiple subsystems which we will utilize in Section 3.
The framework does not invalidate older theories; rather, it creates a space for these theories to intersect and interact,
providing stronger explanation for human and environment behavior. It also furthers the conception of complex adaptive
systems in disasters and underscores its relevance by directly recognizing and addressing the inherent complexity of
disasters. With this perspective, researchers can better take advantage of available computational techniques (such
as agent-based modeling as will be introduced in Section 3.3) for studying complexity and more fully explore the
dynamics that take place at the intersections of the physical, social, and individual systems.
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3 Methodology

3.1 Introduction and Data Sources

To study the reaction of the population of a mega-city to the effects of a nuclear WMD (weapons of mass destruction),
we �rst needed to select a mega-city. There are only two cities in the U.S. that meet the de�nition of a mega-city,
population over 10 million. They are New York and Los Angles. New York is characterized by well de�ned boundaries
and is built vertically, i.e., with its skyscrapers, it has a high population density. Los Angles is a basically spread
out. We selected New York as the focus of our research. Our methodology was to build an agent-based model of
the New York City commuting area at the individual level, model them at work, and we would model a relatively
small nuclear weapon to be imaginable as a terrorist attack, not a super power weapon. We then developed code to
implement our understanding of how people have reacted to the two nuclear weapons of World War II, how people
reacted to the events of September 11, 2001, and other non-notice events. The goal was to characterize the reaction of
the population of a mega-city to a nuclear WMD event. We characterized their reaction as counts of what they are doing
on a minute-by-minute basis after the detonation.

The commuting area for NYC includes all of Connecticut and parts of New Jersey, New York state and Pennsylvania, as
shown in Figure 2. The area covers a 262 x 234 km area, where 23,004,272 people were living as the census recorded for
2010. Our study area is slightly larger than the of�cial metropolitan statistical area to include both high-density urban
and suburban area in the study area, which may provide more heterogeneous population reference for our synthetic
population. Besides, using this larger area to represent a mega-city and its surrounding area allows us to capture more
dynamics, such as, migration and traf�c �ows in and out the urban center. With the study area decided, we identi�ed
sources of information necessary for our project.

To create a simulation of NYC, our ABM includes both empirical data and data synthesized from empirical sources
that are integrated into the complex system of systems described in Figure 3. These data are intended to capture the
locations and activities that occupy a population for most of their daily life. Data representing their daily movements
can used to derive information on the physical, small-world networks that dominate real-life, social interactions [236]).
Speci�cally, we focus on the daily patterns of where people live and work and capture their movement between these
locations as they commute. This section discusses the data sources we used to create both the synthetic population and
the model that explores the populations reaction to a nuclear WMD event.

The information about roads, population, schools, workplaces, and commutes used to describe out synthetic population
and their behavior in our ABM was obtained from a number of U.S. Government websites. Table 1 showed the reference
data for speci�c model representations. The Tiger Shape �les were simpli�ed to create a road network for the agents to
travel along in routine commuting behavior, and the US Census Longitudinal Employer Household Dynamics Origin
Destination Employment Statistics were used to identify in what counties the ABM's agents commuted. The ABM's
agent population was derived from the 2010 US Census Tracts, providing both the characteristics of the agents' gender,
age, work status, and home locations and the composition of their households. Further details on the use of these data
for the population synthesis are discussed in Section 3.2 and an early paper on this work [14]. Because these data
are sourced from the government not only are they reliable, but they are also more likely to be used or adopted by
policymakers in the case of using decision-making tools.

While there is data to describe the physical environment and the population, unfortunately, in addition to the challenge
of a dearth of data that can characterize a disaster caused by a NWMD detonation, the collection, experimentation,
and analysis of dynamic social networks that are not geocoded in social media remain a logistical challenge. Our
solution was to develop an ABM that create virtual spaces in which agents are modeled interacting with their social
and physical systems. The ABM developed in this research was designed to include location and social networks in
the agent's decision-making process in a NWMD detonation and is described in Section 4.4. We demonstrate how an
agent-based model that integrates social networks with a spatially explicit environment improves the realism of an
emergency response simulation. The results of the model are presented in Section 4.5 and show how emergent networks
changing over time are gathered in the model as well as providing data that characterize the response of agents to a
NWMD detonation in NYC.

During emergencies and disasters people turn to family and friends for material and emotional support, and the structure
and composition of these networks have real effect on how well a community responds and recovers from these events
[237]. In the response phase of an emergency or disaster, social networks are used for information and physical support
as individuals, groups, and families decide to evacuate, shelter, or �nd and give aid [237, 238] also discussed in Sections
3.3.6 and 3.3.7. Social networks in this phase of an emergency are very dynamic as people scramble to �nd safety for
themselves and loved ones. Oftenad hocemergent groups form temporarily with short-term goals to �nd shelter or to
provide aid and rescue [133, 239]. Research in this area is rarely available because the collection of social network data
during the response phase is prohibitive and after-the-fact accounts can be unreliable due to trauma [240]. Agent-based
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Figure 2: Study Area Showing Census Tracts.

modeling can provide some insight into the dynamics of social networks in the, response phase of a disaster when
paired with empirical demographic and geographic data. In Section 2, we discussed how more than a century of disaster
research has evolved into understandings of CASs framed as three CAS, the physical, social, and individual, interact in
spaces that produce disasters. The social interaction of individuals in groups in disaster provide observation data of
human behavior in disasters. These data are collected in qualitative research and measured and experimented with in
computational social science techniques such as social network analysis and agent-based models.

Unfortunately, research on social networks in NWMD events do not exist. Without empirical data on social networks,
analysis in this area is not possible (this is one reason we discussed in detail in Section 2 what 100 years of disaster
research has given us). Instead, evidence on social networks using social network analysis (SNA) must rely on a proxy
event, such as the 9/11 World Trade Towers attack and the Boston Marathon bombing evacuation and emergency
response. Researchers used data on organizational networks to reveal the coordinated and emergent responses of
existing inter-organizational networks in the case of the 9/11 World Trade Towers attack [241] and the effectiveness of
organizational emergency planning in the Boston Marathon bombing [242].

The rest of this section describes the model we developed to explore and characterize the reaction of the population of
NYC to a nuclear WMD event. We refer to the model as the NWMD model and we designed it building on the concepts
introduced in Section 2, specially viewing a disasters through the lens of complex adaptive systems. The model captures
the main properties of physical, social, and individual complex adaptive systems, speci�cally heterogeneity, webs of
connections (i.e., social networks), relationships and interactions, and adaptations arising from individual actions and
decisions in the modeled physical environment, including the nuclear weapon.

The description of our methodology is in two major parts, the creation of a synthetic population for use in the model and
the development of a model implementing agents representing individuals of the population and how they are expected
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Figure 3: Complex Adaptive Systems (CAS) of the Nuclear WMD (NWMD) ABM Model.

Table 1: Multiple Data Sources Used in Our Study

Data Type CharacterizationDataset Granularity

Space Road net-
works

2010 U.S. Census TIGER Shape
�les

Primary, secondary
and local road

Population Household de-
mographics 2010 U.S. Census tracts Census Tracts

School School
US Environmental Protection
Agency (EPA) Of�ce of Environ-
mental Information (OEI)

Geolocations Coordi-
nates

Workplace Establishment
sizes

2010 U.S. Census Bureau's County
Business Patterns County

Commute Commuting
�ow by tract

U.S. Census Bureau's Longitudi-
nal Employer-Household Dynam-
ics (LEHD) Origin-Destination Em-
ployment Statistics (LODES)

Census blocks aggre-
gated to census tract

24



to behave routinely and in reaction to a nuclear WMD event. We created our heterogeneous population (Section 3.2)
which also gives a brief overview of synthetic populations and how we advanced these efforts. Next we turn to how we
used a computational technique called agent-based modeling which allows us to capture individual interactions and
decision making at the micro-level and how this leads to more macro patterns emerging (Section 3.3). Similar to the
synthetic population we give a brief overview of agent-based models that have been used to study disasters and discuss
our innovations here as well. The discussion will demonstrate that the physical, social, and individual systems were not
created independently, but to work together as an integrated model with compatible levels of modeling detail.

3.2 Synthetic Population Generation

3.2.1 Synthetic Population Generation Background

Although, we have entered the era of big data and now have resources to acquire data from a variety of applications
(e.g., cell phones, social media), there is still one area where we have limited ground truth data, such as data related to
individual people. There are multiple reasons for this lack of data, such as the privacy regulation, the code of ethics
and the expense to collect such a dataset [243]. Due to the lack of individual level data and increasing demands of
this type of data, methods for creating arti�cial or synthetic population are now widely being discussed by scholars
(e.g., [244, 245, 246, 247]). In addition to academic research, several research organizations (e.g., US Census, RTI
international) are placing considerable efforts to create synthetic populations to support various research efforts including
that of computational modeling.

However, many synthetic population datasets do not include social networks, even though several studies have indicated
that social networks play an important role in how societies interact [237] especially in times of disasters as was
discussed in Section 2.2. Moreover, social networks is also playing a more important role in �eld agent-based modeling
as they allow us to study the connections between different actors (which we will revisit in Section 3.3). Hence, along
with the generation of synthetic population we would argue that synthetic social networks should be generated at the
same time.

As we can see, scholars and organization have �lled the gap to some extent, however, the motivations for them to
create synthetic population datasets are different. As synthetic population datasets are often generated to �t in speci�c
research purpose and more than often such dataset often has restricted uses (e.g., traf�c simulation [248] and disease
spread [247]). When different research questions are brought up, it's hard to reuse those synthetic population datasets.
As a result, one challenge remains, that of creating and sharing realistic synthetic populations which incorporate
social networks. Therefore, this project introduces a mixed method that creates a reusable synthetic population dataset
incorporating social networks, which aims to overcome this challenge.

Current population synthesis methods in agent-based models originate from microsimulation techniques [249] and
involve a two-step process of �tting a population to a set of relevant attributes and constraints and then generating
individual units on the �tted population [250, 245, 246]. Traditionally, population synthesis methods can be broken into
two: 1) synthetic reconstruction (SR); 2) combinatorial optimization (CO) or re-weighting [251, 252]. As for SR, this
method involves obtaining the joint distribution of relevant attributes and using Iterative Proportional Fitting (IPF, [253])
with the sample population used to create a �tted population and generate individual units on that population. While,
CO involves creating a population and modifying it with the sample population until it meets a threshold of required
constraints [254, 246]. Both methods have their advantages and disadvantages. For example, combinatorial optimization
can minimize errors by using constraints of by using constraints extracted dis-aggregate datasets, such as, Public Use
Microdata Areas (PUMAs) and Samples of Anonymized Records (SAR) [255, 256, 257]. As mentioned, dis-aggregated
level data are required for methods to minimize the error during the synthesis process. As a result, creating synthetic
population with limited data resource (e.g., lack of dis-aggregate level data) is remained as a challenge.

Synthetic populations has been applied to study the behaviors of large population such as demography, transportation,
ecology, epidemiology and policy analysis, meanwhile, modeling approaches including cellular automata, micro-
simulation and agent-based modeling are used as the arti�cial environment to utilize those synthetic population datasets
(e.g., [258, 243, 254, 245, 259, 248]). Within agent-based modeling speci�cally, synthetic populations and the social
networks of the agents are used to explore a wide range of topics including epidemiology [247, 260], power structures
[261], diffusion in networks [262, 263], common pool resource governance [264], rumors and riots [265], evacuation
[246] and safety-nets in socioeconomics [266]. With the growing demands for synthetic social network in agent-based
modeling area (as we needed for this this project), there has been much interest in generating realistic synthetic
populations based on data within the agent-based modeling community [250], little attention has been given to how to
incorporate realistic social networks for a given population based on actual real world demographic information. Even,
there are many agent-based models that utilize social networks (e.g., [267, 268]), most of these networks were grown
during the simulation (e.g., [265]), use stylized networks (e.g., [269]), or simply assume adjacent agents are part of
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Figure 4: Work�ow of process for population and social network synthesis.

the same network (e.g., [264]). Others have created synthetic populations with realistic social networks (e.g., [270]),
however, the agents themselves operate within a network and are not geographically explicit. Others have created
geographically explicit synthetic populations with social networks but the agents social networks do not evolve over
time (e.g., [246]). Hence, another challenges in this area is to create realistic synthetic social network along with the
population.

As discussed above, most of the synthetic population datasets and synthetic social network datasets are generated based
on speci�c research purposes, which may obstacle the reusability of existing synthetic population datasets. Although
accessible synthetic population datasets like RTI synthetic population [257] can be used to create the social network
directly, low accuracies of those datasets are the main reason for us to propose our own method to create synthetic
population and the social networks. To summarize, works done by other scholars provide the opportunities to create
a method integrating current population synthesis methods and available social network algorithms [271, 246, 251].
By doing so, it's possible to generate an accurate reusable synthetic population dataset that incorporate multi-level
information (e.g., individual level, household level) and its synthetic social network. Therefore, a mixed method that
creates a reusable synthetic population dataset with social networks is introduced in next.

3.2.2 Synthetic Population Generation Method Detail

This section discusses the details of each steps in our synthetic population generation method which is outlined in Figure
4. This method is derived from the works of Barthelemy and Toint [251] and Wise [246], but adaptions and adjustments
are made during the synthesis process shown by Table 2, which we discuss in detail in Step 1 and 2. Overall, we �rst
carry out data prepossessing of the road network to ensure all road segments were connected into one network (Step 0).
Next, we created spaces on the road network to place home and business sites based on the road type (e.g., primary and
second road). We then created individuals using synthetic reconstruction based on the 2010 census data and grouped
them to households. In step 2, Individuals in households are then assigned workplaces consistent with the data from the
U.S. Census Bureau's Longitudinal Employer-Household Dynamics (LEHD) Origin-Destination Employment Statistics
(LODES). Furthermore, we also assigned younger household members to the closest education institutes based on
their ages (e.g., daycare, elementary, middle, and high school) whose locations were sourced from US Environmental
Protection Agency (EPA) Of�ce of Environmental Information (OEI). Lastly, three types of social networks were
created based on being in the same household, working in the same workplace, or attending the same education
institute. Household networks are fully connected, while their family members' school and work networks are based on
interactions with individuals in these locations. All types of data mentioned above were listed in Table 1. Except certain
part of the Step 0 in our method uses GRASS, the rest of our method is coded in Python. The source code, source data,
and results data are shared. (Code:https://github.com/njiang8/Create_Synthetic_Population ; Source
Data and Results Data:https://osf.io/3vsaj/ ).
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Table 2: Modeling Approaches: Adaptions and Differences

Barthelemy & Toint
[251] Wise [246] Our NWMD Model

Create Space Non-Geographically Ex-
plicit

Based on Open-
StreetMap

Based on Census Tiger
Shape�les

Create Individuals Based on Multiple Aggre-
gate Level Data

Based on Age Group
from Census Data

Based on Age Group
from Census Data

Group Individuals 6 household types 12 household types 12 household types

Assign Daytime Lo-
cation No Such Characters

Work: Based on Census
Bureau's County Busi-
ness Patterns;Educa-
tion: No Such Charac-
ters

Work: Based on Census
Bureau's County Busi-
ness Patterns;Educa-
tion: EPA Of�ce of En-
vironmental Information

Create Social Net-
works No Such Characters Used Ego Network and

Social Media data

Use Newman-Watts-
Strogatz Small-World
Network

Figure 5: Giant connected component road network for Ulster and Sullivan counties.

Step 0: Data Preprocessing In this step, a basic environment is created with a transportation layer built from road
network data provided by 2010 U.S. Census TIGER/Line Shape�les [272] which is used to identify the primary and
secondary road systems of the whole study area. This information was merged to create a single giant connected
component road network �le for our study area. Figure 5 displays the road network in Ulster and Sullivan counties
of New York. To clean the road data �le and create a network topology, we used GRASS (Geographic Resources
Analysis Support System) C++ code libraries (also available in QGIS software). The process included simplifying lines,
snapping lines to points, breaking lines at each intersection, removing duplicate geometric features, and removing small
angles between lines at nodes.
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Step 1: Create Individuals and Spaces To create individuals, high-performance computers may allow us to apply
combinatorial optimization without intensive computational efforts, but this method requires disaggregate level data
to minimize the error during the process, in which the accesses to those data are limited in our study area. Under the
constrain of limited data, synthetic reconstruction was selected to create individuals by only using census tract level
data. Hence, we created individuals to represent every person within every census tract and assign their sex and age
based on information from the U.S. 2010 Census data [273]. Similar to Barthelemy and Toint [251] and Wise [246],
our method grouped all into households based on the household types present within a tract and on normal (Gaussian)
distributions, but we added constrains related to age differences among the members under the same household to
minimize the error between synthetic dataset and Census data, which distinguished our method. In addition, these
constraints only apply to household type of family with children under 18. The speci�cs of the constraints are:

• husband's age – wife's age between (-4, +9)

• father's age - child's age less then or equal to 50

• mother's age – child's age less than or equal to 40

The U.S. Census categorizes households into 11 types: husband-and-wife families, male/female/non-family house-
holders, households with a child less than 18, and male and female single householders over 65. Also, we added one
more type for people living in group quarters, which can be institutional (e.g., correctional facilities for adults, juvenile
facilities, nursing facilities/skilled-nursing facilities) or non-institutional (e.g., college/university student housing, or
military quarters). We assume that for each tract, there's only one group quarters and those who belongs to living in
group quarters all live in this location. Hence, there are total of 12 types households in our synthetic population.

Step 2: Assign Daytime Locations In this step, daytime locations (e.g., workplace and school) are assigned to
every agent generated in Step 1. However, Barthelemy and Toint's [251] data did not include such character and Wise
(2014) only considered workplace. As the results, in our method, home and work locations are generated and placed
along the simpli�ed road networks to make the synthetic population geographically explicit. Barthelemy and Toint's
[251] synthetic population don't have the geo location. In consideration of general zoning, we restricted businesses to
secondary roads with the exception of institutions like religious centers and schools that may be located on residential
roads. No businesses are placed on primary roads as these are divided, limited-access highways [272]. In addition, as the
lack of information related to the exact home locations or detailed land parcel information, houses are placed on local
roads at least 50m apart or on top of each other when population density is high (e.g., representing apartment complexes)
based on the number of occupied housing units in each census tract. Workplaces are randomly placed either onto
secondary roads at approximate 20m apart or at local road intersections. The number of workplaces in each census tract
is disaggregated from County level business establishment counts (and binned-sizes) from the U.S. Census Bureau's
County Business Patterns [274]. To determine the size of the population in each workplace, we used a lognormal
distribution within census tracts based on �ndings that job size distributions in U.S. cities are lognormal [275]. The
information of commuting patterns related to the work places was derived from the U.S. Census Bureau's Longitudinal
Employer-Household Dynamics (LEHD) Origin-Destination Employment Statistics (LODES) dataset [276]. After we
aggregated the information to the tract-level, we assigned work-age agents to a random workplace location within a
tract based on the origin-destination statistics. Data for school locations are extracted from the Educational Institution
dataset retrieved from the US Environmental Protection Agency (EPA), Of�ce of Environmental Information (OEI)
[277]. The dataset contains geographic coordinates of educational institutions, enrollments, grade levels, and start age
and end age of each institution. We assign school-age agents to the nearest available school location within a tract.
School-age agents are sorted into schools based on grade and enrollment levels. In Figure 6(a), a representative result
of this step an example of household, workplace and education locations for one census tract within our study area.

Step 3: Create Social Networks To cover those needs mentioned above, we introduce a method that generates a
geographically explicit synthetic population along with its social network by extracting information from existing
empirical data. Three types of network are created based on living in the same household, working in the same
workplace, or attending the same education institute. To add more detail to the synthetic population and social networks,
the education network was divided into school and daycare networks. In Barthelemy and Toint's [251] work, social
networks were not generated. While Wise`s [246] work generated social networks, ego network and social media data
were applied to imitate realistic social networks. Our approach is different in the sense, individuals receive a link to
each agent located in the same household, work or education place. If the group size of a household, work or education
sites is greater than 5 [278], a Newman-Watts-Strogatz [279] small-world network is generated. The resulting ties
create individual and household multilayer networks and allow for simulation of the in�uence family members and
group cohorts have on individual behavior. Figure 6(b) shows an example of the multilayer network within a home
including an individual's familial ties within their household and proximity ties to people at work and school.
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Figure 6: (a) Mapped locations for Census Tract 9534; (b) Sample social networks of an individual within a household.

3.2.3 Results from the Synthetic Population Generation

While Section 3.2.2 provided details about the our mixed method approach using a series of Census data which generates
a data set containing synthetic population living, working and going to education institutions within our study area, it is
important to verify and and validate this method, which is what we turn to now. We discuss this here rather than in
results Section 4 as this synthetic population was needed in order to build instantiate agent-based model (see Section 3.3.
To verify our method, basic statistical analysis and tests were operated and several visualization results are presented in
this section. For validation, our results are used to compared with two different benchmarks to test the robustness of our
method.

There were some isolated errors within the of�cial Census data for the region of interest. These were internal
inconsistencies such as the total population not matching the sum of males and females within a census tract or one of
those three �gures being blank. A census tract subdivision county population which has approximately 4,000-8,000
people living there. To visualize the signi�cance of these errors, Figure 7 shows the census tracts in the study area.
However, the size of the areas does not indicate the amount of the population in question. 8 shows how small these
errors are with respect to the overall population, less than 1 percent. The synthesized population represents 99.64% of
the 2010 population at the 1:1 level within the model.

Synthetic Population's Social Networks The social network resulting from our approach consists of 22,921,302
nodes representing each person in the total population of the study area, and 29,382,541 ties representing relationships
derived from people living in the same household or going to the same workplace or education institute. The majority
of edges consist of household ties, and education ties represent the smallest portion of edges as shown in Figure 9 for
one speci�c Census tract. Figure 10 shows the degree distributions for the combined network and each of its edge
types. The multi-layer network represents one layer of ties created to represent household relationships, and one to
represent relationships present at daytime locations. In the household layer consists of individuals in cliques ranging
from 0 to 10 ties with the majority of the population in small groups of 2 to 4 individuals. Households with only one
person represent singles living alone, and their social relationships are work related only. We also see that there are
a few nodes in the workplaces with degrees ranging from 1 to 3 due to the small size of some workplaces. Because
education institutes are occupied by groups of students, as expected we �nd no isolates.

Veri�cation We veri�ed our synthetic population by comparing selected measures from the of�cial census data to
make comparisons with our results. During this process, we found the number of individuals in our synthetic population
was not identical to the 2010 Census data that shows just over 23 million (23,004,272) individuals living in the study
area, show by Table 1. Looking into the issue, we identi�ed 116 problematic Census tracts out of the approximately
5,500 tracts that had internally inconsistent in the original Census data such as the total males and females not matching
the total population, or the no data provided for the number of individuals under 18 years old. Over the whole data set,
there were 82,970 individuals living in those problematic tracts. Our method is not able to generate the individuals in
those problematic tracts because of the inconsistencies mentioned above. However, the percentage of the individuals

29




	Introduction
	Background
	Organization of Disaster Research as Three Systems
	Physical Systems
	Social Systems
	Individual Systems

	The Role of Complex Adaptive Systems in Disaster Research
	Linkages between the Physical, Social, and Individual Systems
	Integrating the Physical, Social, and Individual Systems
	Applications and Implications of Complex Adaptive Systems
	Summary of Disasters Viewed through the Lens of Complex Adaptive Systems


	Methodology
	Introduction and Data Sources
	Synthetic Population Generation
	Synthetic Population Generation Background
	Synthetic Population Generation Method Detail
	Results from the Synthetic Population Generation

	Agent-Based Model Development
	A Brief Introduction to Agent-based Modeling
	NWMD Model Design
	NWMD Model Architecture
	Modeling the Physical Environment
	Modeling the Population's Individuals, Locations, and Social Networks
	Modeling Individual Behaviors
	Modeling Groups
	NWMD Model Scenarios


	Results
	Verification and Validation
	Traffic Dynamics and Scaling
	Routine Traffic Patterns
	Reaction to NWMD Event
	Groups Formation After NWMD Event
	Characterizing Reaction to NWMD Event

	Summary and Areas of Further Work
	What We Learned
	Areas for Further Work

	Listing of Research Outputs
	Code Base
	Sample of Research Outputs

