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ABSTRACT 

DISASTER THROUGH THE LENS OF COMPLEX ADAPTIVE SYSTEMS: 
EXPLORING EMERGENT GROUPS UTILIZING AGENT BASED MODELING AND 
SOCIAL NETWORKS 

Annetta G. Burger 

George Mason University, 2020 

Dissertation Director: Dr. Andrew Crooks 

 

Disasters have become more frequent and intense in the last decades and are a significant 

challenge to the health and well-being of local communities and regions. As a potential 

solution to this problem attention has been drawn to community resilience and the 

building of social networks that support or hinder local response and recovery. Research 

on disasters and community resilience has shown how the ability to leverage social 

capital through a community’s social networks is fundamental to the ability of individuals 

and communities to respond to disaster events, but there is little understanding of how the 

evolution of social networks can impact disaster response and recovery. A computational 

framework and agent-based model of disasters can provide a virtual laboratory for testing 

social network effects and uncover their role, function and underlying mechanisms in 

community resilience. Agent-based models are suited to test bottom-up dynamics and the 

interactions of variables that lead to the nonlinear relationships in disasters. To what 
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extent can an agent-based model characterize the social networks that emerge in response 

to a no-warning disaster event such as a Nuclear Weapon of Mass Destruction impacting 

Manhattan Island? To explore this question this research reviews theories of disaster, 

primarily from sociological and anthropological research, and builds a conceptual model 

of disasters from which to develop an agent-based model. The agent-based model 

represents social networks relevant in both the normal commuting patterns of New York 

City and the emergent social networks responding to a Nuclear Weapon of Mass 

Destruction impacting Manhattan Island. Network representations of social groups along 

with physical representations of the community shows how individuals adapt and respond 

to the disaster in the initial response. Integrating agent-based models with social network 

analysis provides new spaces for scientific inquiry into disasters, the dynamics of social 

networks in resilient communities, and those areas of complexity most often explored 

today with qualitative methodologies.
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CHAPTER ONE: INTRODUCTION TO SOCIAL NETWORKS IN DISASTER 

1.1 Introduction 

Crises and disasters have become regular news fare in the digital age and appear 

to happen all the time. Longitudinal observations of disasters document the growing 

frequency of disasters (National Oceanic and Atmospheric Administration National 

Centers for Environmental Information (NCEI)  2020) some potentially caused by 

climate-change (Wahlstrom and Guha-Sapir 2015), as well as the growing probabilities 

of the use of nuclear, biological, and chemical weapons (Liska et al. 2017) that threaten 

public health. However, for the disaster victims these events are anything but expected. 

They interrupt routine, cause great harm, and amplify the everyday challenges of 

navigating modern social systems. Using terminology from the United Nations Office for 

Disaster Risk Reduction (UNISDR, 2017) disasters are defined as sudden extreme events 

that disrupt the functioning of a community or society, cause human, material, economic 

or environmental losses, which exceeds the ability of the affected community or society 

to cope. In response individuals and communities are forced to adapt, make-do, and 

recover with reduced information and resources.  

Many cities and communities around the world are in the midst of continuous 

planning to address the threats posed by hazards increasing the chances of disasters such 

as floods and storms. Among these is New York City, with 8.5 million residents and 56.5 
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million visitors a year (New York City Management 2017). Their urban resiliency 

strategies combine infrastructure projects with hazard assessments and economic and 

community initiatives designed to strengthen both their built and social systems (“New 

York City Management 2019; New York City Emergency Management 2017; City of 

New York 2013), applying lessons learned from ‘man-made’ disasters such as the 9/11 

attack on the World Tower buildings and ‘natural’ disasters such as Hurricane Sandy in 

2012. Disaster research has shown that the ability to leverage social capital through a 

community’s social networks is fundamental to the ability of individuals and 

communities to respond and recover from disaster events (e.g. Jones and Faas 2016; 

Gulliver-Garcia 2015; Ersing and Kost 2012; Ganapati 2012; Aguirre 2006; Norris et al. 

2002; Dynes 2002; Quarantelli 1984; Perry and Lindell 1978), but there is little 

understanding of how different forms of groups evolve and impact disaster response and 

recover. A new branch of disaster and computational social science research, the 

Computational Social Sciences of Disaster (CSSD), is providing new methodologies and 

techniques to the field such as Agent-Based Models (ABMs) and Social Network 

Analysis (SNA) (Burger et al. 2019). To leverage these methods and begin exploring 

group dynamics in disaster, I studied a hypothetical nuclear disaster event in New York 

City (NYC) during which emergent groups in the evacuation and response are known to 

form (Do 2019; Voorhees 2008; Cutter and Barnes 1982). To what extent can an ABM of 

a Nuclear Weapon of Mass Destruction (NWMD) impacting Manhattan Island 

characterize the social networks that emerge in response to the ‘man-made’ disaster? 
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1.2 Disaster and Social Networks 

Disaster research shows that individuals and households evacuate, flee, and 

shelter from disaster in dynamic groups (Ersing and Kost 2012; Casagrande, McIlvaine-

Newsad, and Jones 2015; Brunie 2010; Murphy 2007; Quarantelli 1984; Dynes 2006). In 

recovery these groups, which can be analyzed as social networks, provide individual and 

household groups with access to information, shelter, loans, gifts, childcare, and 

emotional and psychological support (Aldrich and Meyer 2015; Aldrich and Crook 

2007). During the immediate post-impact and early recovery stages of the disaster social 

networks are the most transformed. Individuals and households lose people within the 

network as a result of deaths, injury, and resettlement away from neighbors, work 

colleagues and friends (Spokane, Mori, and Martinez 2013). More importantly these 

social networks get smaller as disaster victims allocate their energy and resources 

towards recovery and put their social lives on hold (Gist and Lubin 1999). At the same 

they are provided opportunities to add connections to their networks through contact with 

new neighbors, aid workers, and emergent groups, and a successful navigation of this 

network transformation greatly supports positive recovery outcomes (Rahill et al. 2014; 

Tobin and Whiteford 2002). To understand these dynamic, emergent responses to 

disaster, it may be most useful to study the problem in terms of social networks and 

clusters of social connectedness that can cross the scales of individual, family, local, 

regional and global in a situation of collective stress.  

Research on disasters has shown how fundamental social networks are to the 

behavior of individuals and communities in every phase of a disaster; risk awareness and 
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preparation (Brunie 2010), warning and evacuation (Brunie 2010; Drabek and Boggs 

1968), immediate impact and emergency response (Murphy 2007; Dynes 2006) and 

recovery (Rumbach, Makarewicz, and Németh 2016; Aldrich and Meyer 2015; Carpenter 

2015; Aldrich 2012; Beggs, Haines, and Hurlbert 1996a; Bolin and Stanford 1991). 

Different forms of these networks provide different levels of support and have the 

potential for not only positive, but also negative outcomes. For example, evacuation 

decisions to stay with relatives or neighbors can lead individuals and groups remaining in 

hazardous areas (Patterson, Weil, and Patel 2010; Buckland and Rahman 1999). Perhaps 

more critically, dynamic networks have been found to provide access to the information 

and resources necessary for community recovery (Rumbach, Makarewicz, and Németh 

2016; Aldrich and Meyer 2015; Ganapati 2012; Bolin 1976). However, it is unclear what 

forms social networks provide the most benefit; networks of different density and size; 

local or translocal, kinship or friendship networks, weak or strong network ties, or 

bonding or bridging network ties (Meyer 2016; Zhichao, Yao, and Liming 2015; Elliott, 

Haney, and Sams-Abiodun 2010; Tompkins 2005; Hurlbert, Haines, and Beggs 2000; 

Beggs, Haines, and Hurlbert 1996a; Perry and Lindell 1978; Drabek et al. 1975). It is also 

unclear how these social networks change during a disaster event. These networks are 

known to shrink in size (Gist and Lubin 1999) and family, the kinship network ties, are 

given first priority for exchanging disaster assistance (Meyer 2016) as other network ties 

are left to decay (Curry, Roberts, and Dunbar 2013; Roberts and Dunbar 2011).  

The study of social networks in disaster is essentially a study of social capital. 

According to Bourdieu (1986), social capital is the aggregate of the actual or potential 
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resources that are linked to possession of a durable network of more or less 

institutionalized relationships of mutual acquaintance and recognition. Within society, 

social capital functions as sources of social control, family support, and benefits through 

extrafamilial networks (Portes 1998). It enables collective action and functioning social 

institutions through civic engagement, health community institutions, norms of mutual 

reciprocity and trust (Putnam 1998). Carpiano (2006) proposes a neighborhood resource-

based model of social capital consisting of the “structural antecedents” to social cohesion 

and social capital (mainly the socio-economic conditions of neighborhoods), social 

cohesion (network formation and ties), social capital (actual and potential resources 

embedded in the social networks), and the outcomes of social capital (the benefits and 

achievements).  

Social capital can be scientifically represented in network graphs with 

differentiation between the quality of social ties as either weak and strong ties 

(Granovetter 1973) or recognized in community research as bonding, bridging and 

bracing/linking ties (Kusakabe 2012; Hawkins and Maurer 2010; L. Newman and Dale 

2005). The homophily principle of social network theory indicates that similar people 

with the same attributes tend to be tied together in these networks (McPherson, Smith-

Lovin, and Cook 2001), and it has been shown to have predictive power in social media 

(Eshaghpour, Salehi, and Ranjbar 2020; Bisgin, Agarwal, and Xu 2012). A model of 

these ties and individual attributes changing over time could show how social capital 

emerges, develops, and supports community resilience. These ties have been shown to 

impact response and recovery differently with bonding ties providing immediate relief 
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and bridging and bracing/linking ties providing pathways to longer-term survival and 

community revitalization (Hawkins and Maurer 2010) with access to new ideas and 

alternative resources (Woolcock and Narayan 2000; Lin 1999). Further, pre-existing 

organizational and relationship ties have been found to improve the outcomes for 

immediate response and on-going support in recovery (Norris et al. 2008). These 

networks of relationships are now routinely characterized and measured in a large body 

of social computational toolkits and social network analysis methodologies. 

The evolution and utility of social networks may be revealed through the 

emergency decision-making of individuals during the early response period of a disaster 

as they activate some network ties and neglect others. However, there are limits to an 

individual’s network size due to time and cognitive constraints (Sutcliffe et al. 2012;  

Roberts et al. 2009; Hill and Dunbar 2003; Dunbar and Spoors 1995). By necessity 

individuals and households in recovery must put time and energy into addressing basic 

needs, and they prioritize those with whom they have the strongest ties (Meyer 2016). 

New ties and emergent social groups may be formed based on a new common context 

and goals (Carpenter and Montoya 2011; McPherson, Smith-Lovin, and Cook 2001). In a 

computational model the network evolution can be operationalized in dynamic 

frameworks in which individuals and form or sever network links based on self-interest 

(Watts 2003; Macy and Willer 2002).  

The most basic sources of homophily, and therefore the chance of network tie 

formation, is space (McPherson, Smith-Lovin, and Cook 2001), and geography can 

facilitate or limit social networks (Onnela et al. 2011). Space and the built environment 
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have been shown to play a critical role in the development of social networks (Zhu and 

Fu 2016; Rogers et al. 2011; Vale and Campanella 2005; Leyden 2003). Intersection 

density, resident density, historic sites, and physical infrastructure for organization 

activities create opportunities for network tie formation and strengthening, and over the 

long term these spaces have a positive impact on disaster recovery and community 

resilience (Carpenter 2015; Spokane, Mori, and Martinez 2013; Elliott, Haney, and Sams-

Abiodun 2010). Social ties take energy to maintain (Roberts and Dunbar 2015; Saramaki 

et al. 2014; Urry 2004), and a lack of meeting opportunities is a major factor in the decay 

of social ties (Mollenhorst, Volker, and Flap 2014).  

1.3 Advancing Techniques in Computational Social Science 

The fields of Computational Social Science (CSS) and the Computational Social 

Sciences of Disaster (CSSD) are providing new opportunities for advancing research 

through the use of computational techniques. CSS is an interdisciplinary field that studies 

social phenomena through computational techniques, these include automated social 

information extraction, social networks analysis, and social simulation modeling (Cioffi-

Revilla 2017). An extension of this field applied to research of disasters is CSSD, that 

integrates the social science of disasters, crisis informatics, and CSS and applies the 

techniques of automated information extraction, social network analysis, geographical 

information systems, online crowdsourcing, field experiments, and simulation models of 

complex adaptive systems CAS (Burger et al. 2019). CSSD studies disaster throughout its 

phases, preparedness and mitigation, impact and response, recovery, and rebuilding using 

automated data collections and analysis, social theories, and computational models. As an 
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emerging field, CSSD can be further advanced through an ABM of a disaster scenario 

that integrates SNA, Geographic Information Systems (GIS), and computer simulations 

in ABMs using disaster theory and case studies. There remain many opportunities to 

close the gaps in these areas. 

In the area of SNA. small world networks have been demonstrated as significant 

to the study of social relationships and interactions. Stanley Milgram (Milgram 1967) 

uncovered small-world networks within the communications ties of increasingly 

interconnected social networks within the United States. Subsequently, Pool and Kochen 

(1978), using mathematical modeling, suggesting that the properties of small world 

networks hold true in real societies. These small world networks have been difficult to 

identify empirically for many reasons (D. J. Watts 2004), for example the difficulty of 

defining the quality of the social ties or interactions (i.e. how does one define a friend or 

acquaintance) or gathering data on all the social ties within a network. This latter reason 

is a challenge even when social network data are collected electronically. Watts and 

Strogatz (1998) used small world networks and their properties, specifically small 

geodesic paths and local clustering, to explore the middle ground between regular or 

random networks and demonstrate their utility in studying social dynamics such as the 

spread of infectious disease. Additionally, small world networks have been found 

relevant in disaster research such as in the case of disaster preparedness (Kost et al. 

2013), disaster response (Kost et al. 2006), and the importance of information flow in 

disaster (Helbing, Ammoser, and Kühnert 2006). 
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Traditional SNA is limited to analysis of network ties with static snapshots of the 

social network. An exception to this was work by Carley using small populations of 

social networks and the DyNet tool (Carley 2003; 1999) which is significant for its ability 

to handle social network data over a timeline and study how these networks change and 

evolve. More recently, agent-based models have been found useful to simulate the effects 

of small world networks by using local spatial interactions to adjust the networks 

dynamically (Caux et al. 2014). Today the study of spatial and temporal effects on 

networks is growing (Barthélemy 2011; Holme and Saramäki 2012). By including the 

dimensions of both space and time, representations of individuals in ABMs can simulate 

how social networks adapt over time and in response to their environment. They can 

factor in place-based variables that have significant impact on disaster recover like 

physical exposure, local government, local planning and citizen participation, and social 

networks (Rumbach, Makarewicz, and Németh 2016). ABMs of disasters utilizing social 

networks are growing in number (e.g., Yang, Mao, and Metcalf 2019; Grinberger and 

Felsenstein 2016; Haer, Botzen, and Aerts 2016; Widener, Horner, and Metcalf 2013; 

Wise 2014; Dawson, Peppe, and Wang 2011; Barrett et al. 2009).  

Along with SNA, CSS and CSSD include methodologies in GIS that identify 

objects with their locations and their attributes and in ABMs that simulate the dynamics 

of individual agents interacting to produce bottom-up processes. ABMs with GIS create 

geographic process models that are considered the next generation of GIS (Torrens 

2009). Torrens and Nara (2007) showed the use of ABMs simulations for representing 

human behavior in complex adaptive urban systems, allowing for interaction among 
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stationary and mobile agents across scales. The models create synthetic representations of 

human behavior that can be subjected to experimentation and what-if scenario building in 

ways that are not possible in the real-world (Crooks 2015). A primary strength of ABMs 

is its use as an experimental space for testing theories and concepts of human behavior 

through implementation of cognitive frameworks within autonomous agents that interact 

with each other and the simulated environment (Crooks 2015). Additionally, ABMs can 

represent heterogeneous populations that act in a spatially explicit virtual world, thus they 

have great potential for modeling the complex dynamics inherent to CAS (Heppenstall, 

Malleson, and Crooks 2016; Crooks and Wise 2013; Hauser, Elmes, and Schwartz 2008).  

ABMs were first developed in the 1970s and popularized with Shelling’s 

(Schelling 1971) segregation model that showed how individual decisions in a 

heterogenous population can lead to segregation. Within the virtual space of an ABM, 

individuals can form emergent groups, interact within communities and adapt with their 

environment in disaster. For example, Yang, Mao, and Metcalf (2019) used home-work 

relationships for evacuation decisions and fell back on traffic patterns for group 

movement; while Haer, Botzen and Aerts (2016), and Widener and Gunter (2007) only 

models flood and hurricane evacuations; Grinberger and Felsenstein’s (2016) disaster 

recovery model does not enable agents to travel through space; Wise (2014) models fire 

evacuation; and Dawson, Peppe, and Wang (2011) models flood evacuation without 

social networks. None of these models include network dynamics integrated with their 

agent decision-making and spatial movement. 
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To further research in CSS my dissertation explores to what extent an ABM using 

GIS and SNA can characterize the social networks that emerge in response to a disaster 

triggered by a NWMD detonation on Manhattan Island. Basic theories of disaster are 

explored and integrated into a conceptualization of three Complex Adaptive Systems 

(CAS) in Chapter Two. The conceptualization of three integrated CASs is synthesized in 

Chapter Three to form the basis of ABMs of disaster. Chapter Four discusses my 

empirical and ABM research specific to emergent group behavior in disasters, and 

Chapter Five describes the ABM I developed to explore generic group formation and ad 

hoc emergent group formation in the context of a Nuclear Weapon of Mass Destruction 

(NWMD) impacting New York City (NYC). Finally, the results of modeling research are 

discussed in Chapter Six with a conclusion in Chapter Seven. 
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CHAPTER TWO: THE THREE SYSTEMS IN DISASTER RESEARCH 

2.1 Complexity Theory and Complex Adaptive Systems 

A century of disaster research has been used to better understand 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., Barton 1970). Over the decades, insights from 

research on disastersi have been institutionalized and applied in new strategies and tactics 

for mitigation, preparation and warning, emergency response and aid, and recovery (e.g., 

Mileti 1999) 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 

(Wahlstrom and Guha-Sapir 2015) has added a sense of urgency to disaster research 

while at the same time researchers in several fields, notably economics (e.g., Tesfatsion 

2003), socio-ecology (e.g., Levin 1998), and human-coupled systems (e.g., McPhearson 

et al. 2016) have recognized the importance of framing human systems as complex 

adaptive systems (CASs) and have begun to study their implications for global markets, 

climate change, and the organization of cities. The application of complexity theory and 

CASs has led to new conceptual tools for explanation in sustainability and urban studies 

research such as adaptive capacity (e.g., Alessa and Kliskey 2012; Haase 2013; Joerin et 
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al. 2012) and spatial clustering of socioeconomic groups (e.g., Schelling 1971), and a few 

notable works in disaster research have begun to explore its application to disasters both 

in discourse (e.g., Van Niekerk, Raju, and Coetzee 2016) and in practice (e.g., Etkin 

2016).  

In this chapter, I propose an approach for exploring disasters and argue that by 

using the lens of CASs I can organize theories of disaster and provide explanation for the 

interactions and adaptations observed in disasters. CASs are nonlinear dynamic systems 

in which the interactions between individual elements and actors lead to emergent 

behavioral patterns and adaptation (Holland 2003; Lansing 2003; Levin 1998). Nonlinear 

systems are those in which inputs and outputs of the system are not proportional to each 

other. In the family of complex systems, CASs 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, flows 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 

CASs include cities in urban studies, ecosystems in ecology, and ant colonies in biology, 

and the lenses of CASs in these areas have led to discoveries such as the patterns of 

power laws and scaling in cities (Batty 2013), the importance of heterogeneity for 

resilience of ecosystems (Levin 1998), adaptive cycles in ecology and societies (Fath, 
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Dean, and Katzmair 2015), and the role of self-organization in evolutionary biology 

(Kauffman 1993).  

To expound on CASs in disaster this first section will introduce some basic 

concepts in complexity theory and define CASs evident in disaster literature. Section 2.2 

will provide some basic background for a review of theory in the disaster literature, and 

sections 2.3-2.5 demonstrate that CASs are evident in the literature. As presented in this 

chapter these theories demonstrate the properties and dynamics of CASs and how 

complexity theory is integral to understanding human behavior in disasters by addressing 

the interactions across systems. For the purpose of this chapter, the main properties of 

CASs are narrowed to the following: heterogeneity, webs of connections, relationships 

and interactions, and adaptations arising from individual actions, decisions, and learning.  

The theme of complexity is already evident in disaster research (e.g., Buckle 

2005; Comfort 1994; Quarantelli and Dynes 1977; Timmerman 1981), but complexity 

theory has only been directly applied in a few rare examples (e.g., Cavallo and Ireland 

2014; Cioffi-Revilla 2016; Comfort et al. 2001). 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, I would argue that the field is dominated by middle-ground theories such as 

uniformities of societal patterns following sequence patterns (Carr 1932), therapeutic 

adjustments in disaster (Fritz 1961), patterns of pre-disaster growth and decline 

continuing after a  disaster (Haas, Kates, and Bowden 1977), and social networks 

shrinking as disaster victims prioritize resources and energy (Gist and Lubin 1999). The 
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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 CASs 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 field of complexity science.  

To determine whether applying theories of complexity and CASs could support 

explanation of human behavior, within this dissertation I will explore three CASs as 

evident from theories in disaster studies. These systems are: 1) the physical system 

(Section 2.3), consisting of geological, biological, meteorological, ecological, and 

human-built systems; 2) the social system (Section 2.4), consisting of formal and 

informal socio-cultural structures and collective behavior; and 3) the individual system 

(Section 2.5), consisting of the actor and its cognition. Before I 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 identifiable behaviors and actions. Individual, goal-

driven behavior drives actions and feeds bottom-up processes that reshape both the 

physical and social systems (Simon 1996). 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, 
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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 influence the shape of 

physical systems and the individual cognition of actors (Pickett et al. 2011).  

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 

flows of information, resources, and energy. According to (Holland 2003), the decision-

making behavior and adaptation of the individual entities in the system 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 that interact and cut across systems and suggest new 

theory and sources for data that support explanation of human behavior.  

2.2 Background: Evolution of Disaster Research in Three Systems 

To find evidence of how disasters can be viewed as CASs, I focus this chapter on 

social science theories, models, and frameworks that explain how people on the ground 

behave before, during, and after a disaster as it relates to the physical, social, and 

individual systems. Works specifically relating to emergency response management, risk 
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management, and public communications in disasters were avoided because my research 

is targeting the underlying, bottom-up effects of human behavior in disasters rather than 

hierarchical, top-down, organized responses. Also, I do not explicitly look at the 

interactions between human and technological systems as I find that this, in a sense, is 

often implied in the literature, rather than studied directly (e.g., Little 2002; Abramson et 

al. 2015; Firdhous and Karuratane 2018; Mendonça and Wallace 2015). 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.) I refer the reader 

to the works of such as (Dekker 2016; Dekker and Pruchnicki 2014; Mendonça et al. 

2015; Perrow 2010; Pidgeon and O’Leary 2000; Saleh et al. 2010; Turner and Pidgeon 

1997). 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., McEntire 2015; Overstreet et al. 2011; Smith et al. 2009; 

Tierney, Lindell, and Perry 2006). The intent of this review is to demonstrate how 

disaster theories, and frameworks have evolved so that I may understand the processes 

within disasters with respect to physical, social, and individual systems. My goal is to lay 

the foundation for thinking of disasters in a CASs framework in Chapter Three. 

2.3 Physical Systems 

The physical system, as defined in this dissertation, 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 
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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: Carr 1932; Tierney, Lindell, and Perry 2006; Form et al. 1956; 

Prince 1920; Wallace 1956). Research during this period can be categorized by studies on 

specific forms of disaster (e.g., bombing, explosion, earthquake, tornado, hurricane, fire, 

or flood) and their social and psychological impact on individuals and communities. 

Although work between the 1930s and the 1950s was in its early stages, Wallace (1956) 

collected a body of disaster studies and completed an interdisciplinary  survey with 

contributions from the fields 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 (Fritz and Marks 1954)—manmade events such as famine, 

pestilence, war, or revolution (Sorokin 2010). 

Breaking away from this approach, White (1945) argued that disasters resulted 

from  interactions between acts of  “nature: and acts of “man.” For example, White’s 

(1945) study of flooding disasters explored natural hazard and flood plain environmental 

features and their human occupation, corresponding social and economic policies, and  

behavioral adjustments to the flood plain. In a broader study of disruption from 

environmental extremes, Burton, Kates, and White (1968) found disaster events resulted 

from a combination of physical and social processes in which communities adjusted their 
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behavior based on perceptions of the environmental hazards. This was followed by the 

systemic framework of a hazardousness of place in a regional ecology (Hewitt and 

Burton 1971), and a socio-ecological system model of an interaction process between 

man and nature (Kates 1971). 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., Burton, Kates, and White 1978; 

Haas, Kates, and Bowden 1977; Mileti, Drabek, and Haas 1975) based on their perceived 

risk and in response to natural extremes. Barkun’s (1977) 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 (Lum and Margesson 2014). Local, 

bottom-up responses had significant roles in the case of the 2010 and 2012 earthquakes in 

Canterbury, New Zealand, even though they were found insufficient without external aid 

(Mamula-Seadon and McLean 2015).  

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., Hewitt 1983). Natural disasters were coming 

to be considered the outcome of extreme geo-physical 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, Westgate, and Wisner (1976) 

revealed that geological changes could not explain the increasing costs and loss of life 
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unless the population’s vulnerabilities and socio-economic factors were also assessed. 

Timmerman (1981) 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 flooding, 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 (1983) showed that disasters were 

dependent on how social systems assess and adapt, avoid, or reduce the risk from 

hazards.  

The significance 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. (1994). 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 fields with respect to 

human sociocultural systems and ecological networks. The integration of ecological and 
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social systems revealed interdependent relationships and adaptive strategies that evolved 

through selective forces to reduce vulnerability in disasters (Bates and Pelanda 1994).  

Cannon (1994), 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 (1999) 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. (1994) and Mileti’s (1999) conceptualizations of 

“sustainability” reflected 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 CASs (e.g., Berkes, 

Colding, and Folke 2003; Gunderson and Holling 2002; Olsson, Folke, and Berkes 2004; 

Walker et al. 2006). 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 

(Pelling 2007). The work was subsequently extended to account for dynamically linked 

systems with structures, processes,  feedbacks, nonlinearities, uncertainty, resilience, and 

entropy that signal a CASs’ ability to self-organize and build capacity and to learn and 
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adapt to recurrent disturbances and change (e.g., Adger, Arnell, and Tompkins 2005; 

Adger 2000; Comfort, Oh, and Ertan 2009; Kapucu 2009; Pérez-Maqueo, Intralawan, and 

Martínez 2007; Rose 2007; Zhou et al. 2010). In the context of disaster research these 

effects have been explored as a community’s adaptive capacity (e.g., Cutter et al. 2008; 

Patterson, Weil, and Patel 2010; Saunders and Becker 2015) and adaptive resilience (e.g., 

Aguirre 2006; Cutter 2016; Norris et al. 2008; Rose 2004; Zhou et al. 2010). 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., Ajulo, Von-Meding, and Tang 

2020; Alesch and Siembieda 2012; Cavallo and Ireland 2014; Comfort, Oh, and Ertan 

2009; Comfort et al. 2001; Guastello 2010; Gunderson 2010; Johnson and Hayashi 2012; 

Steele and Verma 2006; Zhou et al. 2010). Work addressing complexity has spawned 

new areas for interdisciplinary theory such as relating critical infrastructure to society’s 

feedback loops in cascading disasters (Pescaroli and Alexander 2016); however, it has 

not fully applied the lens of CASs.  

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 define 

elements of the social and the ecological systems and incorporate them into the context of 

a CAS (e.g., Gunderson and Holling 2002; Holling 2001), and this categorization has 

provided the language and metrics to find evidence of causation in the midst of multi-

scale dynamics, nonlinearity, and uncertainty. The interactions, interdependencies, 
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processes, feedback, and learning of the physical system’s elements have led to the 

conceptualizations of adaptive capacity and adaptive resilience. With this subsystem of 

disaster discussed, I now turn to the social side of disasters in Section 2.4. 

2.4 Social Systems 

At the core of disaster research is the study of group behavior, and this section 

will focus on the social system and the behavior of groups, families, organizations, and  

communities underlying disaster response. Prince (1920) was the first 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 (Prince 1920, p. 67) (see also: Dynes and 

Quarantelli 1993; Scanlon 1988). Studies following Prince’s (1920) work differentiated 

behavior based on the disaster’s causation, whether “manmade” events, such as war and 

technological accidents, or “natural,” such as disease epidemic, earthquake, or flood, and 

these events were viewed as infrequent occurrences that could be mitigated with better 

preparation and response (Fritz and Marks 1954; Sorokin 2010; Wallace 1956). Similar 

to work on the physical system cited in the last section (2.3), this early body of research 

on the social system was generally descriptive and concentrated on documenting basic 

behaviors (e.g., victim trauma, convergence of aid responders to the area (Fritz and 

Marks 1954; Prince 1920; Wallace 1956). The importance of this work during this period 

was to dispel disaster myths by establishing that panic was an infrequent behavior and 
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required specific conditions and that emergency warnings could significantly affect 

behavior (Fritz and Marks 1954; Quarantelli 1954).  

By the 1960s, a growing body of work led to the development of a number of 

disaster theories. One such theory was Fritz’s (1961) theory of therapeutic adjustments 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 (1963) proposed that the cultural norm of giving 

replaces that of reciprocity in response to the social vacuums that arise from non-routine 

situations. Anderson’s (1965) study of a 1964 Ohio River Valley flood found that 

repeated community adaptations create a sub-culture of learned organizational responses 

in norms, values, knowledge, and technology to cope with the physical system. In this 

specific case, community leaders in the Cincinnati area developed a set of emergency 

standby mechanisms and complex inter-organizational disaster plans to combat floods. 

Drabek and Boggs’ (1969) work identified that family ties had a significant effect on 

responses to warnings and the decision to evacuate, and Turner (1967) 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 (1970) 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 
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activation of a communication system, the willingness of victims to communicate the 

extent of deprivation, sympathetic identification with the victims, relative deprivation, 

blaming of the victims, a normative mechanism, and situational and motivational 

determinants of helping. 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 findings 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., Dynes et al. 1978; Ewen 

and Lewis 1999), Erikson’s (1976) study of the 1972 Buffalo Creek flood suggested that 

the disruption of social networks and neighborhoods could result in a collective trauma of 

fear, apathy, and demoralization. Further, longitudinal studies of disasters by Quarantelli 

and Dynes (1976) showed that community cooperation frequently occurred in the early 

emergency stages of the disaster, but that  conflict arose in the later stages due to 

variations in socio-cultural conditions. Oliver-Smith (1979) explained this with in-

group/out-group dynamics and varying patterns of social identification 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 (Couch and Kroll-Smith 1985; Cuthbertson and 
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Nigg 1987). In such instances, it was found that communities experienced a corrosive 

community process, characterized by blame assignment and evasive, unresponsive 

authorities (Freudenburg 1997). Rather than creating therapeutic processes through 

cohesion and  support, emergent groups become nonresponsive, 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. (1975) 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 flow of information as a 

unit (Hultaker 1983), and social networks were crucial to the early formation of emergent 

citizen groups (Quarantelli 1984). Bolin (1976) 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 (1986) 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 (1989) conceptualized modern society as a complex network 

of social systems which were later shown as linked through social mechanisms (Peacock 

1991). These enduring social relationships were again found to be the determinants of 
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collective behavior in an application of emergent norm theory to evacuation behavior 

(Aguirre, Wenger, and Vigo 1998). All of the studies discussed so far in this section 

indicate the significant 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 

(Berke and Beatley 1997). Other work found that disaster vulnerability and response was 

situational, and analysis of vulnerability variables, gender, age, class, ethnicity, and 

disability revealed that individual hazard perception and choice of behavior were 

constrained by existing relationships and power in social structures (e.g., Beggs, Haines, 

and Hurlbert 1996; Wisner and Luce 1993).  Race, education, and age (Kaniasty and 

Norris 1995), gender (Bolin and Stanford 1998; Morrow and Enarson 1996; Wiest, 

Mocellin, and Motsisi 1994), age and income (Haines, Hurlbert, and Beggs 1996; 

Morrow 1999), and ethnicity (Peacock, Morrow, and Gladwin 1997) have also been 

shown to differentially 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 significant is the reconceptualization of 
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citizens as resources rather than victims (Bankoff 2011; Lichterman 2000). Numerous 

studies have argued that community resilience and local capacities are neglected in 

disaster planning and response (e.g., Coles and Buckle 2004; Cutter, Boruff, and Shirley 

2003; Wisner 2003). Dynes (2002; 2005) incorporated social capital into the 

conceptualizations of communities in disasters. Nakagawa and Shaw (2004) and Shaw 

and Goda (2004) 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 

(Chamlee-Wright 2010), and varying forms of social capital in bonding, bridging, and 

linking social ties could alter the effects of disaster resilience and recovery mechanisms. 

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 (2002) structural-cognitive model, Rose’s (2004; 2007) economic model of  

inherent and adaptive resilience, Maguire and Hagan’s (2007) social resilience model, 

and Cutter et al.’s (2008) widely adopted Disaster Resilience of Place (DROP) model. In 

such work resilience can be broadly understood as the ability to withstand stressors and 

return to normal activities. Norris et al. (2008) 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 flexibility, decision-making skills,  

and trust, while others have shown that resilient communities are those that effectively  
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activate formal and latent social connections for self-organization and local leadership 

(e.g., Mamula-Seadon, Selway, and Paton 2012). To account for the complexities in 

disasters, Pelling (2007) 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. I see this in the theory of 

adaptive governance (Folke et al. 2005), 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 (Djalante, 

Holley, and Thomalla 2011; M. Hurlbert and Gupta 2016). In an analysis of disaster risk 

reduction, Wisner, Gaillard, and Kelman (2012) confirmed 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, models, and 

frameworks 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., Fritz 1961; Wallace 

1956), 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 (Barton 1970) and a corrosive community process (Couch and 
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Kroll-Smith 1985) 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., Tobin and Whiteford 2002; Folke et al. 

2005; Cutter et al. 2008). Current theories of social systems incorporate individuals in 

webs of relationships acting within complex, adaptive social and physical processes just 

as theories of physical systems in Section 2.3 incorporate the properties of CAS with 

interactions, interdependencies, processes, feedback, and learning. 

2.5 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. 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 (1956) 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 

(1952) theorized that this led to conflict 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; specifically, Tyhurst (1957) found 
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that approximately 75% of individuals displayed symptoms of a stunned and bewildered 

lack of awareness or restricted field 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 (Fritz and Marks 1954), but rather manifested only 

under specific conditions (Quarantelli 1954). To explain some of the variation, Glass 

(1959) proposed individual  psychological states at each stage of a disaster: pre-impact 

(denial, adopts fatalistic concept, apathy, and training), warning (overactivity and flight), 

recoil (underactivity, 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 (Veltfort and Lee 1943).  

Moving beyond the stages of disaster, Fritz (1961) 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 (1963) provided empirical 

validation of these differentiated  individual reactions and attributed them to the needs of 

individuals in specific age groups and family make-up. During this time period, Lazarus 

(1966) 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 
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modified to include cognitive appraisal with assessments of the person-environment 

transactions and problem- and emotion-focused forms of coping under stress (Folkman 

and Lazarus 1985; Folkman et al. 1986). Adding to the complexity of  individual 

behavior and decision-making, Drabek and Boggs (1968) found that individual behaviors 

and choices were heavily influenced 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 (1970) 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 (1978) 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 (1978) 

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 

flee from a disaster, but rather flee to social attachments. In the post-impact stage of  

disasters, a significant part of individual trauma was found to be the loss of these family 
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members, community, and other social attachments (Erikson 1976; Fritz and Marks 1954; 

Tyhurst 1957).  

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  

(Turner and Killian 1987) attempted to explain that when individuals encounter new 

situations, new norms can “emerge” spontaneously from ongoing social processes and 

events without reflection of existing social structure.  However, societal norms continue 

to constrain individual behavior in times of stress (Johnston and Johnson 1989), and 

individuals maintain these norms and extend their social roles to address the  needs of a 

crisis (Johnston and Johnson 1989). Individual self-categorization (Turner and Killian 

1987) and social identity have been  found to be significant in disaster behavior, 

explaining emergent groups and affecting  group solidarity (Drury, Cocking, and Reicher 

2009) and provisions of aid (Levine and Thompson 2004). 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 findings 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 (Rubonis and Bickman 1991) provided evidence of significant 

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, 
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Russell, and Bourque (1992) found that the rapid onset of disasters elicited more 

homogenous responses with individual behavior motivated by fear and influenced 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 (Gist and Lubin 1999).  

The significance of social attachments as an explanation of individual behavior 

was further reinforced in the 2000s. Hobfoll’s (1989; 2001) 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 reflected 

by social embeddedness, the size, level of activity, and closeness of a social network, 

were also found to protect individuals from psychological distress (Norris et al. 2002). 

Mawson (2005) revised his theory of social attachments and proposed that individuals 

balance the need to be close to affiliative attachments and to be far from physical threats. 

This social attachment theory was elaborated by Mawson (2007) using a biopsychosocial 

approach based on stimulation-seeking and stimulation-avoidance behavior. “Panic,” 

including flight, 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 



35 
 

resources in the Resilience Activation Framework (Abramson et al. 2015) 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 (2003) used 

multiple dimensions of risk assessment and preparation based on motivation and 

intention variables to provide explanation for disaster preparation behavior, and 

Rosenstein (2004) proposed an assessment for Decision-Making Capacity (DMC). Van 

Fenema (2005) 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 (2008) 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. (2012) proposed a conceptual framework in which individuals make decisions based 

on perceived risks in conditions of uncertainty, and Espina and Teng-Calleja (2015) have 

recently applied social cognitive theory (Bandura 2001) to show how individual and 

environmental factors influence 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 
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social cognitive theory, Benight and Bandura (2004) found that human agency and 

perceived coping self-efficacy affected an individual’s recovery from trauma.  

Compared with the research on the social systems in Section 2.4, 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 (Section 2.3 and 2.4) 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., Turner and Killian 1987) and 

psychology  (e.g., Lazarus 1966). Later theories integrated both of these areas in multi-

dimensional analysis of inter-related factors (e.g., Paton 2003; Perry and Lindell 1978) or 

delved into biopsychosocial approaches (e.g., Mawson 2007; Rubonis and Bickman 

1991). 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 attachments, and biopsychosocial processes in disasters (e.g., Eiser et 

al. 2012; Ripley 2008). It also provides explanation for individual behavior as an output 

of the human cognitive system, a CAS that incorporates, among other features, decision-

making, learning and adaptation, perception, reasoning, memory, emotion, and biology. 

Now having reviewed the complex adaptive nature of the physical (Section 2.3), social 

(Section 2.4), and individual systems (Section 2.5) of disasters, I can directly consider 

disaster as a phenomenon within a CAS framework in the following Chapter Three. 
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CHAPTER THREE: THE ROLE OF COMPLEX ADAPTIVE SYSTEMS IN 
DISASTER RESEARCH 

3.1 Introduction 

In the previous chapter (Chapter Two) I reviewed disaster theories within three 

systems: the physical (Section 2.3), social (Section 2.4), and individual (Section 2.5). I 

specifically highlighted specific properties of CASs: heterogeneity, webs of connections, 

relationships and interactions, and adaptations arising from individual actions, decisions, 

and learning. Along with these properties, a CAS contains dynamics that include 

feedback loops, patterns of self-organization, flows of information and resources, and 

system shifts between stability and  instability (in and out of equilibrium). By definition, 

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. My review 

found relatively few explanations of the interactions, processes, and feedback that cut 

across the three systems, other than that of Gunderson and Holling (2002). I would argue 

that this gap can be addressed with explicit study of the interactions between subsystems 

through the lens of CASs. Complexity science identifies a CAS as a system within which 

the interactions between individual elements and actors lead to emergent behavioral 

patterns and adaptation (Holland 2003; Lansing 2003; Levin 1998). The properties and 

dynamics of CASs are found in the physical system, the social system, and the individual 

system. To test whether disaster and complexity theory are integral to understanding 
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human behavior in disasters, a systematic literature review of disaster  theories was 

organized and discussed in Chapter Two. My organization was then used to explore 

theories related to the physical, social, and individual systems. The following chapter 

provides a brief argument for how each of the systems can be linked building upon what 

was discussed in Chapter Two. Section 3.2 examines the linkages between the physical, 

social, and individual systems (Sections 2.3-2.5). This leads us to how the integration of 

these systems (i.e., physical, social and individual) exposes their interactions in Section 

3.3, and I introduce my framework of the intersecting CASs of disaster in Section 3.4. 

Lastly, I discuss in Section 3.5 how concepts of CASs and complexity science can be 

applied in disaster research. 

3.2 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 identified periods of stability, system 

disruption, and a return to stability as discussed earlier Chapter Two. By the mid-1900s, 

the physical and social processes of disasters were recognized as being shaped by both 

individuals and society (e.g., Burton, Kates, and White 1968). Disasters were later 

recognized as events occurring across multiple scales (e.g., Barkun 1977). 

Interdependencies between the ecological (i.e., physical) and human (i.e., social) systems 

and adaptive strategies led to evolutionary change (Bates and Pelanda 1994) such as seen 

in agroforestry processes in the Amazon (e.g., Coq-Huelva et al. 2017; Norgaard 1981; 

Pretty 2011).  The adaptation and adjustments of a social system created varying hazards 

and risk profiles, and models of disaster illustrated how top-down and bottom-up 



39 
 

processes affected disaster outcomes. The understanding of dynamically linked systems 

has led to current socio-ecological models in which disaster events occur within a CAS 

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., Alesch and Siembieda 

2012; Joerin et al. 2012).  

Collective behavior occurs as part of a social system (Section 2.4), whether that 

behavior is situated in families, organizations, communities or informal groups, 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., Cutter et al. 2008; Norris et al. 2008), and 

these theories account for processes of adaptation, learning, and decision-making that are 

core properties of a CAS (e.g., Wisner, Gaillard, and Kelman 2012). 

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 2.5). Empirical data has shown how varied individual 

responses are, and that these responses were largely rational and adaptive, albeit heavily 

influenced by social connections, identity, experience, norms, and roles. Just as the 
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individual system influences 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., Bandura 2001; Hobfoll 2001). The social system as embodied in 

familiar connections has been found to be a significant factor in what decisions are made 

and how well individuals survive disasters (e.g., Drabek and Boggs 1968; Mawson 2005; 

Mawson 2007). Recent 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., Eiser et al. 2012; Paton 2003). 

3.3 Integrating the Physical, Social, and Individual Systems 

Within physical, social, and individual systems, the properties and dynamics of a 

CAS 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 significant, 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.  
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To account for these greater systems interactions, I propose a framework with 

three intersecting systems within a CAS: the physical (Section 2.3), social (Section 2.4), 

and the individual (Section 2.5) systems, as shown in Figure 1. Interactions between the 

physical, social, and individual CASs 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 significant rainfall leads to river flooding, 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.  

 

 
Figure 1 Intersecting Complex Adaptive Systems of Disaster 
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At the center of a CAS 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 (Ormerod 2003). 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 

flooding disaster. These tipping points occur when feedbacks in the system are out of 

balance. In the case of a natural disaster such as a wildfire, 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, qualified technicians could 

create positive feedback that leads to a failure to identify minor operating problems and 

implement the appropriate safety protocols. Numerous feedbacks 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 CAS’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 
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Chapter Two, I 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. These negative and 

positive feedbacks lead to settlement patterns such as found by Small and Naumann 

(2001). In this scenario, past individual experiences of volcanic eruptions and livelihoods, 

such as taking care of livestock, also influence how people understand and respond to 

these events, creating variations in the perceptions of the hazard and evacuation rates 

(Donovan 2010; Bachri et al. 2015). Cultural and social factors create social forces and 

norms that affect how communities organize and communicate to prepare, mitigate, and 

respond to volcanic eruptions (Andreastuti et al. 2017), and complexity theory suggests 

these forces can be identified and measured to find patterns in system behavior.  

The case of volcanic eruptions does not illustrate how social and individual 

systems affect the physical system, but rather how the systems adjust their patterns of 

behavior to physical forces. In another case of a natural hazard, flooding is affected by 

both the physical and the social systems in a set of feedbacks. The physical flow 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 system reshapes the flow of 

water and creates its own structural forces that affect the physical system, developing 

new spaces for flooding in catchment areas. The relationship between physical and social 
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actions that reshape topographies in the environment and create new waterflow patterns 

can be understood as feedback between forces in the physical and social systems.  

In the social system, forces that affect flooding include structures built by 

governments and landowners, building codes, and flood management policies in the form 

of regulation, insurance, and land management policies implemented to reduce the risk 

and costs of flooding (e.g., Hansson, Danielson, and Ekenberg 2008; Poussin, Wouter 

Botzen, and Aerts 2015). The adjustments between the physical and social systems create 

cycles of flooding and implementation of new flood protections (Merz et al. 2010). These 

interactions reduce the frequency of flooding events, but also increase the risk of 

catastrophic floods if flood protection measures fail (Baldassarre et al. 2013). As 

theorized in the Panarchy model (Gunderson and Holling 2002) and CAS theory in 

complexity science (Levin et al. 2013), flows in the two CASs, the physical and social, 

are continuously interacting and readjusting. The feedback between flows 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 flooding.  

The individual system also creates forces that lead to feedback between CASs. 

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 
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factors (National Safety Transportation Board 1990). 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, insufficient 

chemical dependency monitoring programs, and to have manipulated shipboard reporting 

of crew overtime. The Vessel Traffic 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 (Millard 1993; National Safety 

Transportation Board 1990; National Response Team Agency 1989). Among the 

findings, 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 (National Response Team 1989). In the aftermath, post-

disaster clean-up and litigation efforts were just as harmful as the oil spill itself 

(Davidson 1990; Keeble 1999), continuing environmental and societal damage long after 

the disaster (Picou and Gill 1996).  

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 CASs. 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 (Harrald, Marcus, and 



46 
 

Wallace 1990). 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 (Dyer 2002). Further complicating system action and 

adaptation, perceptions of the incident were manipulated in media coverage (Smith 1993; 

Widener and Gunter 2007). In these cases of high-impact, low-probability events, the 

complexity of CAS 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 CASs provides insight into the 

forces that shape and lead to disaster as discussed here and in Section 3.1. By identifying 

the connections between the physical, social, and individual systems and examining their 

relationships, researchers can measure the flows that push CASs in and out of 

equilibrium. In the case of volcanic eruptions, equilibrium is established from long-term 

flows that lead to a balance of population size relative to the distance from the volcano. 

Changes in flooding hazards show how the social system continuously adapts with the 

physical system, reshaping flood plains. Analysis of feedbacks within the social system 

involved in the Exxon Valdez oil spill shows that the positive feedbacks from economic 

and social forces were not balanced with corresponding negative feedbacks. 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 CASs provides new avenues for exploring causation 

and identifying forces and solutions that can lead to negative feedback and maintain 

equilibrium between systems. 
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3.4 Applications and Implications of Complex Adaptive Systems 

Beyond the fundamental analysis of feedbacks and system equilibrium, the 

application of CASs 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 CASs, are 

already being applied in some areas, such as with the model of the adaptive cycle in 

Panarchy (Gunderson and Holling 2002). 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” (Farber 2003). The negative and positive 

feedbacks often made visible in data distributed by power laws are continuously driving 

the system into a critical phase (Lefebvre 2003), functioning at ever greater efficiencies 

and toward the edge of chaos as described in Kauffman (1993) and Lansing (2003).  

In complexity theory, the feedback created by multiple interacting sub-systems 

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 
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patterns, and by applying analysis to identify these patterns, fractal network researchers 

have found network patterns to be a function of natural optimization processes (Hamilton 

et al. 2007; Zhou et al. 2005). Family groups self-organize themselves into nested 

hierarchies and social systems proportionally sized in relation to available flows of food, 

material  resources, and other cultural information (Hamilton et al. 2007). 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 (Bettencourt et al. 2007). 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 CAS create patterns with the 

potential for short-term prediction of self-organization and optimized scaling.  

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 CAS 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 (1963) “butterfly effect.” As CASs I can expect that 

the pre-existing conditions of the physical and social systems will have significant 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. 
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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 (Scheffer et al. 2009). 

Just as patterns in weather systems can provide short-term predictability, patterns in 

disasters could be bounded in probabilistic outcomes. Practitioners will not find 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 (Allen 1997; Gilbert 

et al. 2018). Researchers will need to develop simple and complex models that 

specifically study the mechanisms and feedback  relevant in disasters (e.g., Shibusawa 

2020). The goal of scientific study in this area will  require a shift from requiring 

definitive prediction to determining probable outcomes. 

Understanding the dynamics of a CAS requires the exploration of the latent 

capabilities and vulnerabilities in the particular system; i.e., those unobservable variables 

that are found to be significant in disaster outcomes as a result of bottom-up and feedback 

processes (Berke, Kartez, and Wenger 1993; Gaillard and Mercer 2013; Mamula-Seadon 

and McLean 2015; Rubin, Saperstein, and Barbee 1985). 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 
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learning (e.g., Latent Semantic Analysis, Factor Analysis, Hidden Markov Models), and 

the tangential field 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., Liddell et al. 2020).  

Researchers and practitioners continue to contend with the multitude of 

interacting variables and adaptations in the physical, social, and individual systems, and 

conceptual models of CASs such as discussed in this dissertation are needed to study and 

test these interactions in their system of systems. Research in the area of CASs 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 (Batty 2013). Social network analysis and geographical information 

systems and other computational methods in the expanding field of computational social 

science provide new forms of data that can more precisely measure the processes in 

physical, social, and individual CASs (e.g., Vicari et al. 2019; Schmitz et al. 2020). 

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 CASs, 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., Henly-

Shepard, Gray, and Cox 2015; Landström et al. 2011), transforming data into information 
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and then knowledge. Analysis of CASs in disaster requires a different approach and new 

methodological tools that can manage large, heterogenous datasets; identify and calculate 

exponential and power law relationships; 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 field data; 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 CASs; rather, they suggest 

potential areas for exploration. Dynamics in CASs produce detectable patterns and 

potential signatures for particular interactions, and although problems in CASs do not 

produce optimal, single-point solutions, possible outcomes can be computed. The lens of 

CASs 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 CAS in disaster be designed to improve understanding of system 

interactions? Further work is necessary to establish whether CASs 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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3.5 Complex Adaptive Systems Framework for Agent-Based Models 

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 dissertation I have 

reviewed and organized theories for disaster study as three CASs, the physical, social, 

and individual in Chapter Two. Furthermore, in this chapter I showed that these systems 

are interconnected and described how these systems are integrated through webs of 

connections and characterized by all the traits of CASs (i.e., heterogeneity, interacting 

subsystems, emergence, adaptation, and learning as discussed in my introduction of 

Chapter Two). The lens of CASs enabled us to introduce a new conceptual framework of 

physical, social, and individual systems that interact across scales. 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 CASs offers us a deeper 

understanding of these events and the theories and tools available in complexity science 

as applied in this chapter. 

As evident in this dissertation, explicit study of the interactions between these 

three systems is standard in today’s literature; however, further exploration of their 

feedback are needed to improve understanding of the nonlinear dynamics that dominate 
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disaster phenomena. The major contribution of this chapter is a framework 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. 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 CASs 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 for studying 

complexity and more fully explore the dynamics that take place at the intersections of the 

physical, social, and individual systems. In the following chapter theories in the context 

of individual and group behavior in disaster will be utilized for a conceptual framework 

of the ABM of NWMD detonation in NYC. 
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CHAPTER FOUR: GROUP BEHAVIOR IN DISASTER RESEARCH AND 
AGENT-BASED MODELING 

4.1 Introduction 

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 (Ersing and 

Kost 2012) as discussed in Section 1.2. 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 find and give aid (Ersing and Kost 

2012; Casagrande, McIlvaine-Newsad, and Jones 2015) also discussed in Section 1.2. 

Social networks in this phase of an emergency are very dynamic as people scramble to 

find safety for themselves and loved ones. Often ad hoc emergent groups form 

temporarily with short-term goals to find shelter or to provide aid and rescue (Quarantelli 

1984; Dynes 2006). 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 (Killian 2002). Agent-based 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 Chapter Two I 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 
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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. In this chapter I first discuss empirical 

research in group behavior during disasters in Section 4.2, followed by some of the 

disaster work conducted using social network analysis and ABMs in Sections 4.3 and 4.4. 

The remaining Section 4.5 will introduce how these CASs can be used in an ABM 

experiment.  

4.2 Group Behavior in Disaster Research 

Group behavior in disaster can be understood best from the perspective of the 

individual relationships that draw group members together in specific contexts. Drawing 

from decades of research Barton (1970) defines the social units (individual and group) 

that make up social structures (i.e. networks) in disaster. These networks introduced in 

Section 1.2 are the result of social relationships such as family ties that effect group 

behavior throughout the phases of disaster (preparation and mitigation, response, and 

recovery) decisions (Drabek et al. 1975) or emergent citizen groups in response and 

recovery (Quarantelli 1984). A significant body of research, expounded in Section 2.4, 

has been completed identifying and explaining group behavior arising from familial and 

kin relationships as discussed (e.g., Norris et al. 2002). Much of group behavior in 

disaster can be explained by these familial relationships and network relationships 

developed in normal routines such as work and daily personal encounters (Dynes 2006). 
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Individual and group decision-making can be considered a branch of group 

behavior in disasters in which the relationships and interactions between the individual 

and group influence decisions such as whether to evacuate or join search and rescue 

groups. Familial relations have significant effect on evacuation decisions (Liu et al. 2017; 

Liu, Murray-Tuite, and Schweitzer 2012; Hauser, Elmes, and Schwartz 2008; Drabek and 

Boggs 1968; Drabek 1969). Information from non-familial relationships also impacts 

evacuation behavior. Neighborhood groups can also be a significant factor in evacuation 

decision-making as shown in studies of Three Mile Island Nuclear Event (Cutter and 

Barnes 1982) and Hurricane Rita in Houston Texas (Stein, Dueñas‐Osorio, and 

Subramanian 2010). Family and community groups can have both positive and negative 

effects on evacuation rates (Buckland and Rahman 1999). For example an internet survey 

carried out by Auld et al. (2012) showed that seeing people evacuating would increase 

evacuation rates in no-notice emergency events. Technology has also become a factor in 

group behavior (Ferris et al. 2016) as seen specifically in the effects of Twitter on 

evacuation from wildfires (Wang, Ye, and Tsou 2016). An interesting branch off this 

evacuation decision-making work is a study on the effect of emotional intelligence and 

group decision-making in emergencies (Chen 2014). The researchers integrated a 

conceptual model of group emotional with statistical approaches to enhance decision-

making in emergency environments. 

Less traditionally studied, are the group behaviors that arise from emergent or ad 

hoc groups form as a result of a disaster. These groups form, evolve, and disband based 

individual and group goals, and Parr (1970) theorized that emergent groups arise to 
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address needs in a crisis, when they cannot be addressed in an existing organization. For 

example, research on social networks forming for the purpose of seeking help 

(Casagrande, McIlvaine-Newsad, and Jones 2015) or alternatively for the purpose of 

giving aid (Kaniasty and Norris 1995) and providing emergency response (Guastello 

2010; Helsloot and Ruitenberg 2004) some of the roles that emergent groups play in 

disaster response and recovery. Stallings (1978) found that emergent groups can be 

structured based analytic qualities; specifically, group domains, tasks, human and 

material resources, and activities. “Borantia” or volunteer groups in Japan are an example 

of an emergent group that has become the equivalent of the formalized Australian State 

Emergency Service (SES) system (Child 2008). In this case the emergent group filled a 

gap in emergency services that were formalized by the Australian government with the 

same tasks and activities. As an example of an event similar to the NWMD detonation in 

NYC being modeled in my ABM, emergent groups were a significant factor in the 

emergent response to the 9/11 Trade Towers attack in New York City (Voorhees 2008); 

99% of people in these towers survived due to the help from emergent social groups 

(Dynes 2006).  

As referenced my dissertation introduction, Section 1.1, the threat of nuclear 

weapons continues to be a concern among political science researchers and policy-

makers (e.g., Liska et al. 2017; Malešič et al. 2015; Ohtsuru et al. 2015). However, 

research and models regarding human behavior in NWMD events continues to be limited 

because there are few of these events from which to gather data. Empirical research on 

individual and group behavior specific to a NWMD event is limited historical 
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information from the World War II (WWII) nuclear bombings of Hiroshima and 

Nagasaki, Japan in 1945. Group behavior in the World War II nuclear bombings reflected 

the unprecedented use of nuclear technology, and citizens of Hiroshima and Nagasaki 

had no previous experience or conceptualizations of the effects of a nuclear bomb. 

Therefore, the behavior response and evacuations of the towns reflected both their shock 

and their health status (Liska et al. 2017). More recent nuclear events include the 

evacuation of the Pennsylvania Three Mile Island nuclear facility in 1979. Group 

behavior in evacuations resulting from nuclear facility failures depended on both the 

credibility of authority notifications and use of force as well as the influence of family 

and friends (Cutter and Barnes 1982). As found here and discussed in Section 2.4, the 

social networks of family and friends are significant factors in the survivability of people 

in emergency events such as NWMD detonations.  

4.3 Group Behavior in Social Network Analysis 

Social network analysis is historically focused on the analysis of network ties with 

temporal snapshots of the social network, but today the study of spatial and temporal 

effects on networks is quickly growing both in applications such as vaccination debates 

(Yuan, Schuchard, and Crooks 2019), wildfires (Wang, Ye, and Tsou 2016), and 

migration (Ryan, Koppenfels, and Mulholland 2015) and theoretical understandings 

(Sekara, Stopczynski, and Lehmann 2016; Holme and Saramäki 2012; Barthélemy 2011). 

As discussed in Section 1.2 and 2.4, social networks also perform important functions in 

emergency and disaster events (Ersing and Kost 2012; Jones and Faas 2016).  
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Unfortunately, research on social networks in NWMD events does not exist. 

Without empirical data on social networks, analysis in this area is not possible. Instead 

evidence on social networks using 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 (Schweinberger, Petrescu-Prahova, and Vu 2014) 

and the effectiveness of organizational emergency planning in the Boston Marathon 

bombing (Hu, Knox, and Kapucu 2014). 

4.4 Group Behavior in Agent-Based Modeling 

ABMs provide an experimental platform in which agents representing 

heterogeneous populations can act in a spatially explicit virtual world and have great 

potential for modeling CASs such as cities and disasters (Heppenstall, Malleson, and 

Crooks 2016; Hauser, Elmes, and Schwartz 2008). Within the simulated space of an 

agent-based model, individuals can form groups (i.e., create networks), interact within 

communities, and adapt with their environment (Alam and Geller 2012); for examples 

see Pires and Crooks (2017), Orsi and Geneletti (2016), and Crooks and Wise (2013). 

They can also use place-based variables in their decision-making that have significant 

impact on emergency and disaster recovery such as physical exposure, local government, 

local planning, citizen participation, and social networks (Rumbach, Makarewicz, and 

Németh 2016). By adding the dimensions of space and time in social simulations, ABMs 

become powerful tools for experimenting with dynamic social networks. 
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A common topic of group behavior in emergencies that accounts for space and 

time in ABMs is the dynamics of evacuation behavior. One recent example of this body 

of work applied to disasters is a study that explores group dynamics and evacuation flow 

in building evacuations using a mechanical statistics paradigm (Ma et al. 2017). Widener 

(M. J. Widener, Horner, and Metcalf 2013) used an ABM to show the importance of 

social networks in emergency planning and response for evacuation before hurricanes, 

and Jumadi et al. (2018) used an ABM to explore factors in an individual’s decision to 

evacuate an area can minimize the outcome of a volcanic eruption. The only example of 

an ABM exploring an evacuation response to a nuclear event focuses on wireless 

communication (Lewis et al. 2013). The strength of this model is the use of cell phone 

data for validation of the simulation results. However, the ABM does not explore the 

influence of social networks on individual decision-making or the rise emergent groups. 

A growing body research uses CSS methodology that integrate SNA and ABMs. 

Previous ABMs of emergencies and disasters that include social networks are limited 

(Grinberger and Felsenstein 2016; Widener, Horner, and Metcalf 2013; Wise 2014; 

Barrett et al. 2009). For example, Grinberger and Felsenstein’s (2016) disaster recovery 

model does not enable agents to travel through space; while Widener, Horner, and 

Metcalf (2013) only models hurricane evacuations with a static social network. Wise 

(2014) models fire evacuation and how social connections may impact the decision to 

leave, and Barrett et al. (2009) models social networks that do not explicitly capture 

interactions in space. None of these models include network dynamics in their agent 

decision-making. A challenge in this area involves the high computational costs of 
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modeling social networks, especially those tied to geographical information. Research 

into improving modeling capabilities through high performance or distributed computing 

is ongoing (Luke et al. 2019; North et al. 2013; Collier and North 2012). 

Although population synthesis for agent-based models has not directly accounted 

for relationships between individuals, the technique has incorporated social networks 

indirectly. These relationships are represented by information on whether individuals 

occupy the same household or have family members or social contacts in common. A 

growing body of agent-based modeling work use synthetic social networks and 

techniques for synthesizes a representation of the large social network derived from ego 

networks have been developed (Hamill and Gilbert 2009). These can be found in a 

diverse set of topics including epidemiology (Eubank et al. 2004; Huang et al. 2004; 

Dunham 2005; Yong Yang and Atkinson 2008; Huang, Tsai, and Wen 2010), power 

structures (Geller and Moss 2008), diffusion in networks (Rand et al. 2015; Kuhlman et 

al. 2015; Rand and Rust 2011), common pool resource governance (Agrawal et al. 2013), 

information sharing (Goldstone et al. 2008), rumor and riots (Pires and Crooks 2017), 

evacuation (Wise 2014) and, safety-nets in socioeconomics (Alam and Geller 2012). 

4.5 Towards an Experiment with Group Behavior in Agent-Based Models 

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. My solution is to develop an ABM that create virtual spaces in which agents 

(individual systems in Section 2.5) are modeled interacting with their social and physical 



62 
 

systems (Sections 2.3 and 2.4). The design of the model can be conceptualized in the 

complex system of systems discussed in Section 3.2, and Figure 2 organizes the empirical 

data, system, and agent interactions in an ABM framework. The ABM developed in this 

dissertation is designed to include location and social networks in the agent’s decision-

making process in a NWMD detonation and is described in Chapter Five. I demonstrate 

how an agent-based model that integrates social networks with a spatially explicit 

environment improves the fidelity of an emergency response simulation. The results of 

the model are presented in Chapter Six and show how data of emergent networks 

changing over time are gathered in the model as well as the data that characterizes the 

response of agents to a NWMD detonation in NYC. 

 

 
Figure 2 An NWMD in Complex Adaptive Systems 
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CHAPTER FIVE: AN AGENT-BASED MODEL OF RESPONSES TO A 
NUCLEAR WEAPON OF MASS DESTRUCTION DISASTER 

5.1 Introduction 

Research of group behavior disasters is challenged with limitations on data 

collection due to the unobservable nature of human behavior in dangerous, unpredictable 

events. Researchers have not been able to isolate continuous individual interactions of 

groups either over the timeline of the disaster response phase (temporally) or in the places 

they move in response to the disaster (spatially). By using the java-based ABM 

framework MASON (Luke et al. 2019; 2005), the intention is to develop an accurate 

representation of geographical space, the interactions of agents over time, and export 

social networks for subsequent analysis. The conceptualization of disaster in CASs was 

shown in Figure 2 (Section 4.5) and captures information and interactions in the three 

CASs, physical (Section 2.3), social (Section 2.4), and individual (Section 2.5), that can 

be represented in an ABM. The framework is used as a foundation to organize the 

empirical data relevant to a detonation of a NWMD in CASs and the data collected in 

simulation experiments. By using high-quality data in a geospatially explicit model, the 

ABM can be characterized as an intermediate or mid-level ABM, a model that has 

theoretical basis with some applicability to real world problems. Models at this level can 

be used to test theoretical concepts in a simulation of the real world. I will use the 

example of a NWMD detonation in the real world setting of NYC and its population 
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responses to demonstrate to what extent an ABM can characterize the social networks 

that emerge in response to the ‘no-warning,’ ‘man-made’ disaster. All the code, data and 

jar files for the model are made available on GitHub at AnnettaGB/NWMDinNYC. 

5.2 Data Sources 

To create a simulation of NYC, my ABM includes both empirical data and data 

synthesized from empirical sources that are integrated into the complex system of 

systems described in Figure 2 (Section 4.5). 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 (Sun et al. 2016). Specifically, 

I target daily patterns of where people live and work and capture their movement between 

these locations as they commute.  

The information about roads, population, schools, workplaces, and commutes for 

my ABM was obtained from a number of U.S. Government websites. Table 1 shows the 

reference data for specific model representations. The Tiger Shape files were simplified 

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 5.3.1 and an early paper on this 
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work, (Burger et al. 2017). 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. As discussed in the introduction, Chapter One, 

the explicit nature of the model with these data sources is intentional to encourage its 

future use by policymakers. 

 

Table 1 Data Sources 
Model Dataset Source 

Land features and 
road networks 2010 U.S. Census Tiger Shape Files 

http://www.census.gov/cgi-
bin/geo/shapefiles/index.php  
 

Agents 2010 U.S. Census Tracts 

https://www.census.gov/geo/
maps-data/data/tiger-
data.html  
 

Schools U.S. EPA Office of Environmental 
Information 

https://geodata.epa.gov/arcgis
/rest/services/OEI/ORNL_Ed
ucation/MapServer  
 

Workplaces 2010 U.S. Census County Business 
Patterns 

https://www.census.gov/data/
datasets/2010/econ/cbp/2010-
cbp.html 
 

Commutes 
U.S. Census Longitudinal Employer-
Household Dynamics Origin Destination 
Employment Statistics 

https://lehd.ces.census.gov/da
ta/lodes/LODES7/  
 

 

 
5.3 Model Description 

My ABM has been developed to simulate the response of a population in the 

NYC region to a 10kt NWMD using the MASON Multiagent Simulation Environment 

(Luke et al. 2019; 2005). The weapon size was chosen to simulate the size of the atomic 

bombs used on Hiroshima and Nagasaki during WWII (Committee for the Compilation 

of Materials on Damage Caused by the Atomic Bombs in Hiroshima and Nagasaki 1981). 

This Java-based framework was chosen for its ability to import and create layers of 
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geospatial data, so that agents can interact in a spatially explicit environment as well as 

interacting with each other. The modeled area includes the New York City commuter 

region to allow not only everyday patterns of commuting but also city-wide aid and 

rescue from unaffected areas to the area of destruction. The total population for the area 

at the time of the 2010 U.S. Census was ~11 million with 27,106 km of roads in an area 

of 47.6 x 63.1 km, as shown in Figure 3. To simulate the NWMD detonation, the ABM 

schedules agent movements and interactions on a 1-minute time step. The timescale 

allows agents to step the ABM schedule over the NWMD detonation, individual 

commutes, and group emergence. Agents interact with each other and an ABM 

environment consisting of a road network consisting of nodes and edges and shape files 

that delineate census tracts and water, and emergent groups form based on the individual 

agents’ shared tasks and activities as discussed in Section 4.2. 
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Figure 3 NYC Area Map 
 

 

5.3.1 Population Synthesis 

Synthesis of the model population was derived from the 2010 U.S. Census data to 

generate a one-to-one representation of the entire population that covered not only New 

York City, but also near-by states whose state and local governments may be contacted 

for emergency support. The population’s area of 262 x 234 km and 225,977 km of roads 

includes all of Connecticut and parts of Massachusetts, Rhode Island, New York, New 

Jersey and Pennsylvania and covers with over 22.3 million people. Not only does this 

create the heterogeneity and complexity of the real-world, but place, space, and location 
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can be used to integrate data across information systems (Torrens 2010), and thus, the 

qualitative and quantitative methodologies used in this dissertation. This explicit model 

lays the foundation for future versions of the ABM to be used by researchers and 

policymakers. The population was synthesized for the purpose of representing a 

population responding to a ‘no-warning’ disaster, such as a NWMD detonation, during 

the immediate impact and response phase. An Iterative Proportional Fitting (IPF) 

synthesis process (Deming and Stephan 1940) was modified and used to create a generic 

population of the area, and the synthesized population is intended for use in future 

modeling. The key modification the process was the addition of social ties (i.e. social 

networks) that capture the relationships relevant in a disaster scenario. 
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Figure 4 Map of the Synthesized Population 

 

 

Current social theory and empirical data emphasizes the importance of social 

networks for information and decision-making. The control population is generated with 

connected household networks and small-world network ties to represent relationships 

between co-workers and school. Family ties are known to have significant influence on 

human behavior and decision-making in disasters (Hultaker 1983; Goltz, Russell, and 

Bourque 1992; Liu, Murray-Tuite, and Schweitzer 2012), and at the time of an 

emergency humans form ad hoc groups to improve their chances for survival (Barton 

1970; Goltz, Russell, and Bourque 1992; Ripley 2008; Ganapati 2012; Rudenstine and 

Galea 2012). As such the synthesized population for disaster needed to include both 
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individuals and the social networks most relevant to a disaster response, specifically 

family/household ties, schoolmates, and work colleagues. 

During the population synthesis individuals and their households are derived 

based on census demographics. In a later step of the synthesis process these individuals 

are assigned work and school locations based on county business and nationwide school 

and daycare data (see Section 5.2 for a description of these data sources). Immediate 

family and group cohorts from work and school are expected to be relevant to agent 

decision-making at the time of the disaster event and are represented in the model with 

social network ties. In the last stage of the synthesis process, social groups (i.e. social 

networks) were created based on those living in the same household, working in the same 

workplace, or attending the same school. Individuals receive a link to each agent located 

in the same household, work, or school place. If the group size of a household, work or 

school is greater than five (Dunbar 1998), a Newman-Watts-Strogatz (Newman and 

Watts 1999) small-world network is generated. Without this limitation household and co-

worker/schoolmate networks become too large to reasonably represent an agent’s close 

social interactions. The resulting ties create individual and household multilayer networks 

and allow for simulation of the influence family members and group cohorts have on 

individual behavior. Figure 5 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 5 An example of a household network aggregated from individual ties to home, school, and work 
connections. 
 
 
 

For the purpose of my ABM, I have sampled the synthesized population for a 

smaller commuter region as discussed in Section 5.3. This smaller region allows 

simulation of the commuting behavior and an area unaffected by the NWMD detonation 

from which first responders can be drawn. By decreasing the size of the population from 

22.3 million, I am also reducing the computational requirements for model simulation in 

experimentation. This smaller area includes approximately half the population size of the 

original population size and only covers parts of New York and New Jersey for a 

population size of 11.35 million. I use a separate random sampling algorithm to create 

four population csv files to input agent data into the ABM. The respective population 

sizes scale up to 406, 2,298, 22,960, and 229,544; 0.0036%, 0.020%, 2.02%, and 2.02% 
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of the 1:1 synthetic population. The algorithm sampled the synthesized population by 

household until an indicated population size is reached. The methodology for population 

synthesis discussed in this section builds on previously presented work (Burger et al. 

2017). 

5.3.2 ABM Class Architecture 

The model architecture diagram in Figure 4 describes the basic architecture of the 

model. At the heart of the model is the World class that creates the agents and their 

virtual environment and controls the agent schedules. The WorldBuilder class builds the 

virtual environment from input data files for the road networks, water areas, and urban 

landscapes as well as the agent population. The Agent class is a parent class that 

simulates basic agent health, location, and movement attributes and methods. Movement 

along road networks is calculated using an AStar class’ algorithm and movement 

methods. The Indv class expands on its parent with demographic attributes, household 

information, daily location goals (home, work, or shelter), and methods for routine and 

nonroutine behavior. The second child class of Agent, Group, creates group agents that 

simulate carpool groups for the routine commuting behaviors and emergent groups that 

form when agents flee from the NWMD detonation. An Effects class simulates all the 

NWMD effects, mainly indicating the area of impact, degradation of agent health, and the 

destruction of nodes and edges on the road network. 
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Figure 6 ABM Class Architecture 
 
 
 

A set of classes were additionally designed to support users understanding and 

control of the simulation runs. All of the model data inputs and parameters are controlled 

in the java class Parameters. The class allows experimenters central control of the model 

data and effects, specifically the map and population files, the NWMD effects, and 

turning carpool and emergent grouping behavior on and off. Outputs of the model include 

a visualization of the agents and effects in the WorldUI class, a Log class that records 

data created through agent-environment interactions as well as input and output data, and 

a  Results class that includes methods for exporting model data to csv. The Spacetime 

class is used to clearly describe and calculate model spatial and temporal dimensions, 

such as calculations for time steps and degree/time conversions. 
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5.3.3 Agent Descriptions 

The ABM includes three types of agents; the NWMD, the individuals, and the 

groups. The NWMD agent is created in the Effects class. At time tDetonation the 

NWMD detonates and impacts individual agents and the road network edges and nodes 

in three ring zones. The detonation impacts ground zero at -73.977290 west longitude and 

40.764290 north latitude, and the three ring zones ripple out at 430, 1,200, and 2,500 

meters from the center. The individual agents and the road network are differentially 

impacted according to these rings. These doses are calculated based on the publicly 

available reference, Glasstone and Dolan (1977). All agents in the closest ring, Zone 1, 

are killed. Every step after the detonation individual agents in Zone 2 are killed at random 

and the health of individual agents in Zone 3 is either degraded or randomly reaches the 

point of death. The stochasticity of deaths in these zones are used in lieu of physical 

models of both the specific health characteristics of individual agents and the detonation 

effects. The third type of agents, group agents, are made up of individual agents 

following an individual leader. Individual and group agent actions are driven by fast-and-

frugal heuristics (Kennedy 2012; Gigerenzer and Gaissmaier 2010) through which agents 

determine when and where to move and whether to join emergent groups. 

No recent NWMD events can be used as empirical evidence for deriving agent 

behavior in the model. Therefore evidence from similar events have been used to guide 

the individual and group actions. An NWMD detonation is a ‘no-warning,’ ‘man-made’ 

disaster, so I analyzed evidence for ‘no-warning,’ ‘man-made’ disaster events that were 

either nuclear in nature or occurred in NYC. Specifically, the atomic bombings of 
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Nagasaki and Hiroshima and the 9/11 World Towers attack in New York City are used as 

approximate empirical evidence for the agent population’s nonroutine responses. After 

the bombings of Nagasaki and Hiroshima, victims who were ambulatory moved away 

from the impact areas and displayed the symptoms of ‘shock’ and ‘awe’ (Committee for 

the Compilation of Materials on Damage Caused by the Atomic Bombs in Hiroshima and 

Nagasaki 1981; Lifton and Erikson 1982) that are found in many disasters, as discussed 

in Section 2.4 and 2.5. In more recent disasters, such as the evacuations around the 

nuclear facilities at Three-Mile Island in Pennsylvania and Fukushima, Japan (S. Cutter 

and Barnes 1982; Do 2019), people left these areas as household groups. Perhaps, the 

best evidence of individual and group behavior for the ‘no-warning,’ ‘man-made’ event 

in NYC is the 9/11 World Towers Attack. New Yorkers responded without panic and 

banded into emergent groups, relying on family and other social ties for support with 

evacuation and shelter decisions (R. Dynes 2006; Ripley 2008; Shields, Boyce, and 

McConnell 2009).  

Agents in the Indv class represent how individuals in the ABM routinely behave 

and later in the simulation respond to the NWMD detonation. These agents provide the 

basis for bottom-up behavior and dynamics in the mode using fast and frugal decision 

trees . Indv attributes are provided in Table 1. Simulated behavior is characterized by 

their daily routines consisting of staying at home or commuting to work and school 

(Section 5.2) and their nonroutine response to the NWMD detonation (Committee for the 

Compilation of Materials on Damage Caused by the Atomic Bombs in Hiroshima and 

Nagasaki 1981; Lifton and Erikson 1982; Dynes 2006; Ripley 2008; Shields, Boyce, and 
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McConnell 2009). Figure 7 shows the agent decision making each step as the agent 

determines whether to engage in routine or nonroutine behavior. If the agent is healthy, it 

engages in routine behavior either commuting in a carpool or on its own, as shown in 

Figure 8. During their commute, agents travel via car along a commute path on the 

ABM’s road network, represented as nodes and edges. If the agent becomes or is not 

healthy (i.e. healthStatus is more than 1), it decides in the nonroutine() method whether to 

move to ground zero as a first responder, join a group, shelter at home or work, or get 

away from the NWMD detonation (Figure 9). Health is used as a proxy to signal an 

individual’s observation of the detonation which would realistically include not only any 

injuries, but also a flash of light, destruction of their environment, or information from 

other agents (Committee for the Compilation of Materials on Damage by the Atomic 

Bombs in Hiroshima and Nagasaki 1981; Lifton and Erikson 1982; Shields, Boyce, and 

McConnell 2009). Decision trees  how agents determine whether to join an existing 

group or make a new group are provided in Figures 10 and 11. To join a group, an 

individual must have the same goal, whether to find join a group, shelter, shelter, or flee. 

If an agent changes goals or dies, it leaves the group.  

 

 
 

Table 2 Indv Class Attributes 
Attribute Type Units 
Basic     
agentID String   
healthStatus int 1-10 
dead boolean true/false 
dose double   
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age int 0-100 
sex String m/f 
tract String   
county String   
Goals     

goal String 

commute, 
findshelter, shelter, 
flee 

goalPoint Coordinate   
goalNode Node Object 
homeID String   
workID String   
hmRdID String   
wrkRdID String   
homeNode Node Object 
workNode Node Object 
Schedule & Movement 
States     
StayAtHome boolean true/false 
toWork boolean true/false 
atWork boolean true/false 
atHome boolean true/false 
onCommute boolean true/false 
fleeing boolean true/false 
isHomeless boolean true/false 
commutedist double kilometers 
tcommuteStart int timestep 
tcommuteEnd int timestep 
tcommuteTime int minutes 
commutePath ArrayList<GeomPlanarGraphDirectedEdge> List of Edges 
Grouping     
inGroup boolean true/false 
isLeader boolean true/false 
indvGrpID String   
carGrpID String   
idsToHouseMembers HashMap <String, Indv> agentIDs, Object 
hholdnet ArrayList<String> List of agentIDs 
emergnet ArrayList<String> List of agentIDs 
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Figure 7 Indv Class Step() Method  
 
 
 

 
Figure 8 Indv Class Routine() Method 
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Figure 9 Indv Class Nonroutine() Method 
  
 

 
Figure 10 Indv Class JoinGroup() Method 
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Figure 11 Indv MakeGroup() Method 
 

The Group class represents carpool groups in the routine behavior of commuting 

and emergent groups in the nonroutine responses to the NWMD. Group attributes are 

shown in Table 3. These agents are composed of individual agents and a leader agent. 

The leader agents are used to determine the path and goals for the group and decrease the 

number of AStar computations in the model. The group’s step() method is similar to an 

individual’s step() method, see Figure 12. Groups engage in routine behavior unless their 

health is impacted by the NWMD detonation. This is shown in Figure 13. Carpool groups 

are made up of household members who go to work or attend school, and the leader or 

driver of the group is the eldest. Carpool groups disband as they drop members off at 

their work and school locations, and at the end of the day the driver picks all carpool 

members to commute back home. Similar to the Indv class, groups choose nonroutine 

behavior, when their health is deteriorated. These agents determine whether they are at a 

safe location, home or work, to shelter. Figure 14 shows that if their goal is to flee, find 
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shelter, or shelter, they move away from the impact area in GrpGetAway(), find shelter in 

findshelter(), or shelter in shelter(). Emergent groups coalesce and disband when 

individual agents decide to join or to leave a group, as a survival response after the 

NWMD detonation. The first agent to make the group takes the leadership role and 

guides group movement. 

 

Table 3 Group Class Attributes 

Attribute Type Units 
Basic     
agentID String   
grptype String carpool, emergent 
healthStatus int 1-10 
Goals     

goal String 
commute, findshelter, 
shelter, flee 

goalPoint Coordinate   
goalNode Node Object 
multiGoalNodes ArrayList<Node> List of Nodes 
startID String   
endID String   
startRdID String   
endRdID String   
startNode Node Object 
endNode Node Object 
Schedule & Movement States     
ToWork boolean true/false 
atWork boolean true/false 
commutedist double kilometers 
tcommuteStart int timestep 

tcommuteEnd int timestep 
tcommuteTime int minutes 
Grouping     
leaderID String   
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fullcarpool boolean true/false 
defunct boolean true/false 
idsToMem HashMap<String, Indv> agentIDs, Object 
members ArrayList<String> list of agentIDs 

currentCarpool ArrayList<String> list of agentIDs 
 

 

 
Figure 12 Group Class Step() Method 
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Figure 13 Group Class Routine() Method 

 

 

 
Figure 14 Group Class Nonroutine() Method 
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 The Effects class is a separate agent class with a Step() method as shown in 

Figure 15. It models the NWMD detonation’s three blast effect ring zones. At the time of 

the detonation, the class updates the health of all the individual agents and removes edges 

and nodes of the road network, depending on the zone. Agents in Zone 1, closest to 

ground zero, are designated as dead with healthStatus() equal to 10, and all the edges and 

nodes in the zone are removed from the model. The healthStatus of agents in Zone 2 is 

set in the range of 4 thru 6 depending on their distance from ground zero, and 50% of the 

edges and nodes are removed from the road network. These agents receive a dose of 

radiation that will kill them within 24-48 hours. In Zone 3 agents’ healthStatus are set in 

the range of 1-3, and the road network is left whole. These agents receive a dose of 

radiation that will possibly kill them in 1-14 days. All of the agents in Zones 2 and 3 have 

their goals set to flee. After tDetonation a random number of the individual agents in 

Zone 2 die and their healthStatus is set to 10. In Zone 3 a random number of individual 

agents die with their healthStatus set to 10 based on their dose of radiation.  
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Figure 15 Effects Class Step() Method 
 

5.3.4 NWMD Simulation Scenario 

In the model, each step represents one minute of real time, and at each step every 

agent is activated in the step() method to make and implement their decisions, i.e., move 

towards a goal or stay in place. The one-minute time step was chosen as the timescale for 

the model because it provides a level of detail that sufficiently encompasses agent 

decision-making and movement over a 3-day period and in the NYC commuter area. A 3-

day period provides a timeline that includes the detonation, initial responses, and the 72-

hour period Urban Search and Rescue (US&R) are self-sufficient (Federal Emergency 

Management Agency 2005). In the baseline agent behavior, i.e., prior to the weapon’s 

detonation, agents follow daily schedules in a 24-hour day. Agents either stay at home or 
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travel to work or school during their commutes. For simplification agents only travel by 

car and do not utilize any alternative forms of transportation such as walking or taking 

the subway, train, or bus until the NWMD detonation. Individual differences in the agent 

population with varying work-day time schedules and destinations create realistic 

patterns of commuter behavior (as I will show in Chapter Six). Figure 16 provides a 

sample of the variations in agent daily patterns based on household compositions with 

agents starting their daily routine at home at midnight. In experiments with my model 

agents all begin their commutes at 0730 in the morning and 1830 in the evening. Within 

the codebase one can the Parameters class to run the agents in the model on 3 shifts, 

0800-1700, 1700-2400, and 2400-0800, however these are not implemented in my results 

as the focus was on the aftermath of the NWMD. 

 

 
    Midnight             Noon      Midnight 
Figure 16 Various patterns of commuting behavior representing daily routines of the individual agents. 

 
 

In the agent-based model, the effects of the NWMD detonation are modeled as a 

ground burst and based on Model parameters which specify the location, yield, and time 

of the detonation, and the model then implements a ground burst at the specified time. 
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My simulation scenario is based on a 10Kt weapon in Manhattan detonated during the 

workday. Damage to the area and agents are caused by the force of the blast, fire, and 

radiation. As discussed in Section 5.3.3 the road network nodes and edges are destroyed 

in the zone closest to the detonation activated by the Effects class. In the second zone 

only 50% of the nodes and edges are destroyed, while they remain intact in the third 

zone. Agents’ health deteriorates depending on the weapon size and its distance from 

ground zero. Blast effects are represented in three zones based on agent health status: 

immediately killed, mortally injured, and injured, but likely to survive. With the WorldUI 

class (see the ABM architecture in Section 5.3.2), Agent health is displayed as a change 

of color: black equates to dead, red equates to dying, orange equates to injured, and green 

equates to healthy. Upon injury, agents begin to move away on foot from the impact area 

at varying speeds. Mortally injured agents walk slower than those likely to survive (as we 

will show in Chapter Six). A notional timeline of agent behavior and goals is provided in 

Figure 17. 
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Figure 17 Timeline of a NWMD Detonation in NYC 

 

 

As one would expect to see in a real-life situation, the detonation of a NWMD in 

NYC causes agents to alter their normal behavior and daily routines. Agents whose health 

is directly affected change their goals from the daily commuting schedule to finding 

safety for themselves in a shelter. Depending on the availability of a shelter and agent 

knowledge, they will either choose to form ad hoc groups (i.e., emergent networks), find 

a temporary shelter, shelter, or flee from the blast, fire, and radiation areas (R. Dynes 

2006; Ripley 2008; Shields, Boyce, and McConnell 2009). If individual agents in a 

location have the same goals, they either join an existing group or form a new emergent 

group. These agents, who have not already sheltered, walk to outside the impact zones 

and then return to the road network as they find and travel to a temporary shelter. 

Unaffected agents (i.e., those with a healthStatus equal to 1) continue with their daily 

routines until they learn of the event, in which case they locate household members and 
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dynamically adjust their commutes to avoid any evacuated areas. Agent behavior is 

currently modeled to represent only the first 15 minutes after a NWMD explosion. The 

timeline could be extended to simulate time period to days following the event, but 15 

minutes are sufficient in this simulation because my intent is to show that the social 

networks of emergent groups in disaster can be studied using quantitative methods such 

as ABMs and SNA. 

5.4 Verification and Validation 

Verification and validation of the population synthesis process was presented 

previously (Burger et al. 2017). Basic verification of the model presented here included 

conducting code walkthroughs, profiling, and parameter testing (e.g. varying agent 

population size and seeing how this impacted commuting times and agent locations and 

healthStatus) to ensure the model was working as intended. For the purpose of 

verification, I use representative runs of the simulation (Figure 18) to show the baseline 

of how agents travel from their home locations to their work or school locations based on 

a work-day activity schedule (as discussed in Chapter Four). These views are varied by 

the population sizes; 406, 2,298, 22,960, and 229,544; respectively, 0.004%, 0.020%, 

0.202%, and 2.022% of the 1:1 synthetic population. The effect of increasing populations 

can be seen visually. The agents traveling to and from work and school provide a baseline 

of normal behavior in the model through commuting individually and in carpools. 
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Figure 18A 406 agents at Step 1   Figure 18B 406 agents at Step 515 

     
Figure 18C 2,298 Agents at Step 1   Figure 18D 2,298 Agents at Step 515 

     
Figure 18E 22,960 Agents at Step 1   Figure 18F 22,960 Agents at Step 515 

     
Figure 18G 229,443 Agents at Step 1   Figure 7H 229,443 Agents at Step 515 

Figure 18 Agents Traveling from Home (Step 1) to Work (Step 515) 
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As discussed in Section 5.3.3 there are no directly equivalent NWMD events for 

this scenario to use as model validation. Data from the Hiroshima and Nagasaki 

bombings, the only nuclear bombing events to date, are incomplete (Committee for the 

Compilation of Materials on Damage Caused by the Atomic Bombs in Hiroshima and 

Nagasaki 1981), and the attack of the World Towers during 9/11 did not involve a 

nuclear weapon. Therefore, the model uses the scenario discussed in Section 5.3.4 that 

drew from evidence of both events and the generally understood behavior in disaster 

research discussed in Sections 2.4 and 2.5. The model can be considered validated at a 

Level One level of performance and analysis is in qualitative agreement with empirical 

macro-structures (Axtell and Epstein 1994). 
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CHAPTER SIX: EXPERIMENT AND RESULTS 

6.1 Introduction 

Emergent groups are one element of the social capital leveraged as part of the 

community responses to disaster (R. Dynes 2006). These groups can provide a critical 

function in disaster by delivering people, resources, and actions to address unexpected 

needs in the response (Sections 2.4 and 4.2). However, this form of community resilience 

is unpredictable because emergent groups are not planned; the individuals in that make 

up these groups, their resources, their goals, and their actions are unknown before the 

event. As a result empirical research of their dynamics are difficult, and in some cases 

impossible, to identify and observe until after their occurrence. An ABM of the CASs in 

disaster can reveal emergent patterns in these complex systems (Sun et al. 2016), and 

combined with SNA, they can be used to test and reveal patterns of emergent groups that 

arise from human interactions in CASs. 

In what follows I present and discuss a set of simulations and results of the ABM 

to test the extent the ABM captures the behavior of individuals and groups in response to 

the detonation of a 10 kt NWMD in New York City (Section 5.3.4). The model is run 

with different population sample sizes, and data is collected measuring the number and 

range of emergent groups as well as their nodes and edges. As an experiment in my 

dissertation, I explore these networks to see how they scale with population size and 
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demonstrate how such a model can characterize their dynamics with basic statistics of the 

model population, emergent groups, and SNA measures. The experiment is restricted to 

emergent networks because agents in the current ABM only make decisions post-

detonation based on their health and location. Information regarding household, school, 

and work social networks have not been included in their decision trees. Parameters in 

the model are set so that agents form carpools and emergent groups, and no first 

responders are activated. During each simulation run, agents travel from home to work 

with some commuting in carpool groups. At 1000 a.m. or Step 600 the NWMD detonates 

south of Central Park. The simulation is then run to Step 615 because emergency 

management planning by the US Government indicates that the initial minutes of an 

emergency are critical for their response. As discussed in Chapter Five, agents whose 

health is impacted by the bomb respond by moving away from the point of impact. As 

individual agents encounter other agents in the same location and with the same goals 

(join a group, find shelter, shelter, or flee), they form emergent groups. 

6.2 Results 

As discussed in Section 5.4 results from verification of the model demonstrated 

that routine patterns of behavior provide a baseline before agent behavior respond to the 

NWMD detonation. To extend the model beyond normal patterns of behavior, we next 

show in representative runs how agents respond to a 10kt NWMD detonation just south 

of Central Park in Figure 19 with views of agents around the impact zone. In this figure I 

show affected agents are initially clustered around the detonation site at Step 600 and 

colored based on their health status, ranging from healthy (green), sick (orange), lethal 
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(red), and dead (black). The greater the distance agents are from ground zero, the greater 

their chance of survival.  

 

 
Figure 19A Injury Pattern at Step 601 
 

 
Figure 19B Injury Pattern at Step 668 
 

Figure 19 Injury Pattern with Population Size 22,980 
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Over the duration of the simulation, agents that are ambulatory, move away from 

the impacted area at varying speeds depending on their health status. The speed 

differentiation creates a visual pattern of dispersion of the injured agents in Figure 19. 

Not visible in Figure 20 are agents designated as first responders who initially move 

toward the affected area. The impact area is relatively small compared with the commuter 

region. As discussed in Section 5.3.1 the larger area is used simulate healthy first 

responder that can move towards ground zero. These agents are not enacted in this 

dissertation’s experiments. I noted in Chapter Four that a NWMD event causes agents to 

alter their normal behavior and daily routines (e.g. commuting behavior and locations) by 

moving away from the impact area in varying states of shock and levels of injury 

(Glasstone and Dolan 1977; Committee for the Compilation of Materials on Damage 

Caused by the Atomic Bombs in Hiroshima and Nagasaki 1981). One of the key patterns 

in a disaster is the movement of people inbound and outbound from the impact area. 

Figure 20 shows that between step 600 and 615, agents move away from ground zero and 

faster, less injured agents displayed in orange (see Section 5.3.3 and 5.3.4 for information 

on visualization of injury effects in the model) pull away from the slower, more injured. 
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Figure 20A 406 Agents Responding at Step 601        Figure 20B 406 Agents Responding at Step 615 
 

             
Figure 20C 2,298 Agents Responding at Step 601        Figure 20D 2,298 Agents Responding at Step 615 
 

         
Figure 20E 22,960 Agents Responding at Step 601       Figure 20F 22,969 Agents Responding at Step 615 
 

          
Figure 20G 229,443 Agents Responding at Step 601    Figure 20H 229,443 Agents Responding at Step 615 
 
Figure 20 Agents Responding to NWMD Detonation at Step 600 and Step 615 
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To test how the agents commute and respond to the NWMD event, the model was 

run 25 times to test variability in agent behavior over multiple simulations. In Figure 21 

you can see that after the event a proportion of the population is fleeing the area and 

attempting to return home. While not shown here, it should be noted that when the size of 

the population is increased, there are more agents commuting and this creates bottlenecks 

(i.e., traffic jams) along the road network and larger emergent groups appear. Moreover, 

as one would expect, increasing the number of agents significantly increases the 

simulation runtime. I attribute this to the higher computational demand caused primarily 

by the routing algorithm (in this case an A-Star algorithm) which requires many 

geometrical calculations. When the ABM was tested for computation time across the four 

population samples, the time increased exponentially. Figure 22 shows how computation 

time increases with the sample population time on a Mac machine with a 3.1 GHz Quad-

Core, Intel Core i7 processor. 
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Figure 21 Average results from 25 simulations when 7000 agents are simulated during a NWMD event. 
 

 

 

Figure 22 Computation Time to Step 615 
 

 

 A characteristic of CASs is that dynamic behavioral patterns can be found across 

scales (Holling 2001) such as those found in cities (Batty 2013). To show how the model 
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scales across population sample sizes, Table 4 provides basic statistics on the agents and 

groups in the baseline commute. The ABM simulation of 406 agents does not scale with 

the larger population samples. Therefore, the smaller population sample will not be used 

for testing in the ABM experiments. This could be due to the representation of only 

0.004% of the real population size (11.34 million), and it may not be dense enough to 

simulate individual behavior in the ABM. Data from simulations with a population size 

of 406 may be disregarded for further experimentation. 

 

Table 4 Carpool Groups Across Population Sizes 

Population 
Size 

Carpool 
Groups 

% Carpool 
Groups 

Stay-at-
Home 
Agents 

% Stay-at-
Home 
Agents 

406 1 0.25% 47 11.58% 
2298 91 3.96% 253 11.01% 

22960 804 3.50% 2879 12.54% 
229443 7957 3.47% 28820 13.56% 

 

 

In the ABM simulation experiments, when the model is run past the NWMD 

detonation, emergent groups begin forming. Table 5 shows the number of emergent 

groups and the range of the group sixes as of Step 15. As the population size in the model 

increases, so does the number of emergent groups. The range of emergent group sizes 

increases with the population sizes, but the ranges do not vary across simulation runs. 

Emergent groups never form for the population size of 406. Just as the scaling analysis in 

Table 4, emergent groups are not significant for analysis. Further data from simulations 
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with the insignificant population size of 406 can be discarded. The mean, median, and 

mode are also calculated here across the population sizes. For the population sample of 

2,298, the group sizes never grow beyond a pair of two. In the larger population samples 

the mean group size is the same at five members. The mode for both samples are also 

similar with small groupings of two or three, but the mode changes from 3 to 10 when the 

population increases to that of 229,443.  

Simulation data in Table 5 show consistency across 10 runs with only two 

variations highlighted in yellow. These variations are a result of the stochasticity 

introduced in the ABM through variations of the number and locations of road network 

nodes and edges that are destroyed by the nuclear bomb, as discussed in Section 5.3.4. In 

Zone 2 (the middle zone) of the impact area 50% of the nodes and edges of the road 

network are destroyed. There are no functioning nodes and edges in the center Zone 1, 

and the road network nodes and edges remain in place. When the destroyed nodes and 

edges in Zone 2 differ across simulation runs, the range of emergent group sizes can be 

seen to decrease as shown in Run 8 of population size 22,960, and the number of group 

sizes in Run 10 of population size 229,443 decreases from 172 to 165. Due to the 

variations of the number of emergent groups between Run 9 and Run 10 of population 

size 229,443, a detailed exploration of the group sizes of each run at Step 615 is graphed 

in Figure 23. Although the range of sizes remains 2-100, the number of groups with the 

same group size differs between runs. Figure 24 shows these variations over all ten runs. 

These variations may be due to both the stochasticity introduced in the road network 
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damage along with the order of activation of the agents. The MASON toolkit uses 

random number generator for agent step schedules placement (Luke et al. 2019; 2005). 

 

 
Table 5 Emergent Groups Post NWMD Detonation 

  Population Size 406 2298 22960 229443 

Run 1 No. of Groups 0 2 43 172 

  Size Range 0 2-2 2-37 2-100 

Run 2 No. of Groups 0 2 43 172 

  Size Range 0 2-2 2-37 2-100 

Run 3 No. of Groups 0 2 43 172 

  Size Range 0 2-2 2-37 2-100 

Run 4 No. of Groups 0 2 43 172 

  Size Range 0 2-2 2-37 2-100 

Run 5 No. of Groups 0 2 43 172 

  Size Range 0 2-2 2-37 2-100 

Run 6 No. of Groups 0 2 43 172 

  Size Range 0 2-2 2-37 2-100 

Run 7 No. of Groups 0 2 43 172 

  Size Range 0 2-2 2-37 2-100 

Run 8 No. of Groups 0 2 43 172 

  Size Range 0 2-2 2-36 2-100 

Run 9 No. of Groups 0 2 43 172 

  Size Range 0 2-2 2-37 2-100 

Run 10 No. of Groups 0 2 43 165 

  Size Range 0 2-2 2-37 2-100 

Mean 0 2 5 5 

Median 0 2 3 10 

Mode 0 2 2 3 
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Figure 23 Differentiation of Emergent Group Sizes over Two Runs with Population Size 229,443 at Step 615 
 

 

 

Figure 24 Differentiation of Emergent Group Sizes over Ten Runs with Population Size 229,443 at Step 615 
 

 

To explore the scaling of emergent groups to the population sizes, I charted the 

number of agents that join an emergent group at each time step (Figure 25). As expected, 

when the population increases, the number of groups increase for population sizes 22,960 
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and 229,443. The number of agents increase over the first two steps (600-602), and then 

appear to stabilize except for a bump at Step 614 for the largest population. When the 

number of emergent groups are tabled by percentage to the population size (Table 6), I 

found that the percentage of emergent groups in the run with a population size of 2,298 

(0.002%) was significantly smaller than that of the other two population sizes. Similar to 

Table 5 that showed that the smallest population size of 406 did not scale for emergent 

groups, Table 6 may indicate that 0.002% representation of a population is not dense 

enough to simulate emergent groups.  

 

 

Figure 25 Number of Agents in Emergent Groups by Step 
 
 
 
Table 6 Percentage of Agents in Emergent Groups 
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 To further parse out how the emergent groups change over each simulation run, 

the number and size of each emergent group was recorded for three population sizes; 

2,298, 22,960, and 229,443. The model is run to 15 minutes past the NWMD detonation 

to Step 615. Tables 7-9 show the frequency of a group size across time steps 599-615. 

Data from simulation runs with a population size of 406 were ignored due to their lack of 

significance over the 10 runs. Although there is some variation, once again the variation 

between the frequency of emergent group sizes does not appear significant until the 

simulation is run with a population size of at least 0.202%. For the simulation run of a 

population size of 2,298 (Table 7), only one emergent group of a size 2 forms at Step 

600. A second emergent group, also of a size 2, forms at Step 601, but no additional 

emergent groups form. In a second simulation run with the population sample size of 

22,960, Table 8, the largest frequency of emergent groups is those consisting of two 

agents, growing from 12 to 19 groups. The frequency of emergent group sizes gradually 

decreases in size as the group size increases until there is only one group of size 36. 

When the simulation is run with the population sample size 229,443 (shown in Table 9), 

there is a similar pattern as the number of emergent groups decrease with the increase in 

their size. The larger frequency of groups sizes is in the smaller emergent groups; 2, 3, 4, 

5, 6, 10, 11, and 13. There are two groups of significant size, 41 and 100. Group sizes in 

the ABM are limited to 100. Unlike the previous two runs, the emergent groups with the 

larger population sample size both form and disband over time. The reasons and patterns 

for an individual agent leaving an emergent group needs further investigation. As 
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expected, the range of the frequency of emergent groups has increased, and there are a 

larger number of emergent groups overall. 

 

Table 7 Population 2298: Frequency of Group Sizes at Each Step 
  Step 599 600 601 602 603 604 605 606 607 608 609 610 611 612 613 614 615 
Group 
Size 2 0 1 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

  3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

 

 

Table 8 Population 22,960: Frequency of Group Sizes at Each Step 
  Step 599 600 601 602 603 604 605 606 607 608 609 610 611 612 613 614 615 
Group 
Size 2 0 12 17 17 17 17 18 18 18 18 18 19 19 19 19 19 19 

  3 0 7 7 7 7 7 7 7 7 7 7 7 7 7 7 7 7 

  4 0 2 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 

  5 0 3 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 

  6 0 1 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 

  7 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

  8 0 1 1 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

  9 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  11 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  12 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  13 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

  14 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  15 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  17 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  18 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  19 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  20 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  21 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  22 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  23 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  24 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  25 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  26 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  27 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  28 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  29 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  30 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 



106 
 

  31 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  32 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  33 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  34 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  35 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

  36 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 

Table 9 Population 229,443: Frequency of Group Sizes at Each Step 
  
 
Group 
Size 
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  

Step 599 600 601 602 603 604 605 606 607 608 609 610 611 612 613 614 615 

2 0 27 10 10 10 10 10 10 10 10 10 10 10 10 10 10 10 

3 0 19 13 13 13 13 13 13 13 13 13 13 13 13 13 13 13 

4 0 14 9 9 9 9 9 9 9 9 9 9 9 9 9 9 9 

5 0 6 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 

6 0 7 11 11 11 11 11 11 11 11 11 11 11 11 11 11 11 

7 0 3 8 8 8 8 8 8 8 8 8 8 8 8 8 8 8 

8 0 4 6 6 6 6 6 6 6 6 6 6 6 6 6 6 6 

9 0 0 9 9 9 9 9 9 9 9 9 9 9 9 9 9 9 

10 0 0 11 11 11 11 11 11 11 11 11 11 11 11 11 11 11 

11 0 0 12 12 12 12 12 12 12 12 12 12 12 12 12 12 12 

12 0 1 5 5 5 5 5 5 5 5 5 5 5 5 5 11 5 

13 0 0 11 11 11 11 11 11 11 11 11 11 11 11 11 14 11 

14 0 0 9 9 9 9 9 9 9 9 9 9 9 9 9 9 9 

15 0 0 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 

16 0 0 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 

17 0 0 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

18 0 0 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

19 0 0 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 

20 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

21 0 0 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 

22 0 0 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 

23 0 0 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

24 0 0 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

25 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

26 0 1 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

27 0 0 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 

28 0 0 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

29 0 0 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 

30 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

31 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

32 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

33 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

34 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

35 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

36 0 0 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 

37 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

38 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

39 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

40 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

41 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

42 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
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43 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

44 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

45 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

46 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

47 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

48 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

49 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

50 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
 
 
Group  
Size 
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  

Step 599 600 601 602 603 604 605 606 607 608 609 610 611 612 613 614 615 

51 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

52 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

53 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

54 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

55 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

56 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

57 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

58 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

59 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

60 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

61 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

62 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

63 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

64 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

65 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

66 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

67 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

68 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

69 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

70 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

71 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

72 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

73 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

74 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

75 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

76 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

77 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

78 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

79 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

80 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

81 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

82 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

83 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

84 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

85 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

86 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

87 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

88 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

89 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

90 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

91 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

92 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
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93 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

94 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

95 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

96 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

97 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

98 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

99 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

100 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

 
 

Tables 7-9 show many groups of smaller sizes and a few groups of the larger 

sizes. When the number of groups are distributed by group size for a single step (Figures 

26-28), the group sizes for simulation run with a population size of 2,298 does not show a 

pattern. However, in Figures 27 and 28, the distribution of group sizes suggests a 

relationship between the number of groups and group sizes for emergent groups. The 

distribution could be described by an exponential curve with a heavy tail, but due to the 

small sample size of two populations, the data here are not conclusive enough to 

determine the scaling relationship. 

 
 

 
Figure 26 Population 2,298: Distribution of Number of Groups at Each Size at Step 602 
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Figure 27 Population 22,960: Distribution of Number of Groups at Each Size at Step 602 
 
 
 

 
Figure 28 Population 229,443: Distribution of Number of Groups at Each Size at Step 602 
 
 
 

Not only can the number and sizes of emergent groups be explored in my ABM, 

the social network data for these groups can be exported at any time step. Similar to the 

scale of emergent group numbers and sizes, I show how the emergent group networks 

scale over the three populations sizes on the last time step. For the simulation run with a 

population size of 2,298 the network diagram in Figure 29 shows two group pairs with 

their agent ID numbers. Given the population sample size over the relatively large 
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geographical area it is not remarkable to find so few emergent groups. Just as in the 

earlier results, specifically the distributions of number of groups with group sizes in 

Figures 26-28, this result suggests that simulations of this population size are not 

sufficient for modeling emergent groups. The network diagram of emergent groups in 

simulation with a population size of 22,960 are shown in Figure 30. The largest emergent 

group can be seen in the bottom left corner of the diagram. Unfortunately, when I 

diagram the networks of emergent groups from a run with a population of 229,443, the 

network diagram of 172 emergent groups produces a diagram too dense to easily 

visualize each group (see Figure 31).  

 
Figure 29 Emergent Groups for Population Size 2,298 
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Figure 30 Emergent Groups for Population Size 22,960 
 
 
 

 
Figure 31 Emergent Groups for Population Size 229,443 
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By exporting the network data representing emergent groups into Gephi (Bastian, 

Heymann, and Jacomy 2009), a social network visualization and analysis software tool, I 

calculate basic SNA statistics and present them in Table 10. Nodes represent each 

individual in the network, and edges represent the ties to each other. When these are 

graphed by population size in Figure 32, the data show that as the population scales up 

the number of nodes and edges rise in an exponential relationship, rather than 

logarithmic. The average degree (number of links to a node that measures the network 

centrality of a node) with the three sample sizes shown in Table 10 does not seem to 

show a trend, but average path length (number edges between two nodes), the network 

diameter (length of the longest path between nodes),  modularity (strength of group 

divisions), and average clustering coefficient (measure of the degree to which nodes 

cluster together) increase with the population. The graph density (the number of node 

connections to the number of possible connections) has an inverse relationship; it 

decreases as the population size increases. To further analyze degree centrality in the 

emergent group networks, the degree distribution for each population sample size is 

shown in Figure 33. When graphed Figures 33A and 33B  do not show any relationships, 

but the degree centrality in Figure 33C for the largest population size 229,443 does show 

a potential exponential relationship. 
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Table 10 Emergent Network Statistics by Sample Population Size 
  

 

Nodes Edges 
Avg. 
Degree 

Avg. Path 
Length  

Network 
Diameter 

Graph 
Density Modularity 

Avg. 
Clustering 
Coefficient 

Pop 
Size 

2298 4 4 1 1 1 0.333 0.500 0 

22960 189 1952 10.328 1.008 2 0.055 0.524 0.796 

229443 225581 1459394 6.469 3.322 24 0 0.985 0.917 

 
 
 

 
Figure 32 Number of Nodes and Edges by Population 
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Figure 33A Network Degree for Population Size: 2,298 
 
 

 
Figure 33B Network Degree for Population Size: 22,960 
 
 

 
Figure 33C Network Degree for Population Size: 229,443 
 
Figure 33 Network Degrees for Sample Population Sizes 
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6.3 Summary 

Results of the simulation runs of ABM demonstrate that not only do agents 

commute to work for their baseline behavior, but the agents in the model are impacted by 

the detonation of the NWMD with degradation in health as visualized in the model GUI. 

Because of their health and the destruction of the road network nodes and edges, these 

agents divert from traveling on the road network to walking from the impact zone. These 

agents join a group, flee, find shelter, or shelter as their goals update in the ABM as 

verified in Section 5.3. Healthy agents representing individuals and carpool groups route 

around the impacted area once they encounter the damaged network areas. More 

significant for the characterization of human behavior in their adaptation to the disaster, 

the agents in the model form emergent groups after the NWMD detonation, and these 

emergent groups increase and decrease in size dynamically as shown in the frequency of 

group sizes at each step for a sample population size of 229,443 (Table 9). Of interest is 

the distribution of the number of groups at each size (Figures 27-28) that show a potential 

exponential relationship with a heavy tail.  

In a simple experiment examining emergent groups that form in different sample 

sizes of the synthesized population, data were produced that provide some insight into 

how emergent groups may scale. I exported data from the ABM that characterized the 

emergent groups with the number and frequency of different emergent group sizes as 

well as the social networks. These social networks can be exported at any step in the 

model and can be used to analyze characteristics of individual agents and groups, but I 

explored the networks after they formed and appeared to stabilize at Step 615. In the 
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experiment I found some evidence of scaling in the percentage of agents in emergent 

groups for population sizes 22,960 and 229,443 (0.202% and 2.022% of the real 

population size) as shown in Table 6. Scaling also showed an exponential relationship 

with the number of nodes and edges in emergent groups (Figure 32). The other measures 

of social network statistics that appear to scale are the average path length and network 

diameter. Although degree centrality does not scale, it does show an exponential 

relationship for the largest sample population size that represents 2.022 of the real 

population (Figure 33C). Exponential and power law relationships in dynamic patterns 

are characteristics of complex adaptive systems as discussed in Section 3.4. 
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CHAPTER SEVEN: CONCLUSION 

7.1 Overview 

The challenges and frequency of disasters are expected to increase as the 

policymakers attempt to address the effects of global warming and the economic impacts 

of the COVID-19 pandemic. The purpose of this dissertation is to explore the 

unpredictable and relatively under-examined emergent groups that appear as a part the 

community resilience evident in disaster response (R. Dynes 2006). To do this I 

investigate disaster theory through the lens of complex adaptive systems (Holland 2003; 

Lansing 2003; L. H. Gunderson and Holling 2002; S. A. Levin 1998) to address a gap in 

explanation for the interactions, process, and feedbacks that cut across domains in 

disaster. My framework for CAS in disaster is used to conceptualize these interactions, 

processes, and feedbacks as a means for exploring human behavioral patterns of the 

dynamics of emergent groups that form in an ABM of disaster. ABMs have been 

recommended as an experimental platform for complex adaptive systems such as those in 

disasters (Heppenstall, Malleson, and Crooks 2016; Hauser, Elmes, and Schwartz 2008), 

and to advance the use of ABMs in the research domain of CASs and emergent groups in 

disaster, my ABM simulates individual and group dynamics in the initial phase of a 

disaster caused by a NWMD detonation in NYC. Unlike previous ABMs of disaster, the 

ABM I present in this work simulates the influence of social networks on individual 
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decision-making and the rise of emergent groups. The use of ABMs, GIS, and SNA 

advances both computational social science and disaster research by creating a means for 

charactering emergent group dynamics in a dense urban area that cannot be observed and 

studied in the real world. 

In my dissertation I first introduce the role of social networks as the community 

resilience in disasters (Section 1.1 and 1.2) and how advancements in CSS methodologies 

(Section 1.3), specifically ABMs with GIS for computer simulation and SNA, could be 

used to characterize the human dynamical and behavioral responses such as the formation 

of emergent groups. To discover the complex adaptive systems in disaster I review the 

literature of disaster theory in Chapter Two from the perspective of three CAS, physical 

(Section 2.3), social (Section (2.4), and individual (Section 2.5). By using CASs in 

disaster I examine how the properties of CASs (i.e., heterogeneity, webs of connections, 

relationships and interactions, and adaptations) and their dynamics (i.e., feedback loops, 

patterns of self-organization, flows of information and resources) reveal linkages between 

the physical, social, and individual systems (Sections 3.1 and 3.2). Although study of the 

effects of CASs in disaster is a challenge, advancements in CSS are creating 

opportunities for new discoveries in the disaster and complexity sciences as well as 

innovations in CSS methodologies (Sections 1.3 and 3.4). I use a framework of the CASs 

in disaster (Section 3.5 and 4.5) to design and implement an ABM of the emergent 

groups in a disaster caused by an NWMD detonation in NYC (Section 4.5).  

After a review of the literature on group behavior in disaster, social networks 

research, and ABMs (Sections 4.1-4.4), I introduce an experiment to test how the 
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development and dynamics of emergent groups may scale in a disaster (Chapter Six). In 

my dissertation I used the CAS framework (Section 4.5) to model a ‘man-made’, ‘no-

warning’ disaster. Empirical data was used to create the foundation of normal commuting 

behavior for the ABM’s agent population. Case study scenarios from disaster research in 

CAS were used to drive agent decision-making and behavior (Section 5.3). Because 

disasters occur in a complex adaptive system of systems and bottom-up emergent human 

behavior is key to understanding the outcomes of disasters, I designed an ABM of a 

NWMD event in which agents, both individuals and groups, interacted in routine 

commuting behavior and responded with non-routine behavior with survival strategies. 

These survival strategies; joining emergent groups, fleeing, finding sheltering, and 

sheltering, were used by the agents and resulted in emergent patterns in my experiment 

and results.  

My simple experiment explores the number and frequency of emergent groups for 

four different population sizes showed that too small a sample population will not 

produce any significant patterns. However, patterns were found for 0.0202% (2,298), 

0.202% (22,960), and 2.022% (229,443) of the real population. For the sample sizes of 

both 0.202% and 2.022% of the real population in the NYC commuter region I was able 

to find an exponential relationship in the distribution of the number of groups at each size 

(Figures 27-28). Basic network statistics display some trends; increasing or decreasing as 

the population size grows. As the population size increases, the nodes and edges increase 

in an exponential relationship. Similar to the number of groups at each size that show an 

exponential relationship (Figures 27-28), the network degree for groups in sample 
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population size 229,443 demonstrates an exponential relationship (Figure 33C). The 

simulations and experiment show there are some scaling effects on emergent group sizes 

relative to the geographic density NYC (Sections 6.2 and 6.3). As a demonstration of the 

use of GIS and SNA in an ABM, this relatively simple experiment demonstrates that 

aspects of emergent groups in disaster can be simulated in an ABM and their 

characteristics can be revealed by integrating SNA in the model. This remaining chapter 

summarizes the research, modeling, and experiment that constitute my dissertation study 

as well as its limitations, significance, and future work. 

7.2 Limitations 

Disasters are instances of community stress uniquely located at the intersection of 

human, natural and technological systems that continue to change and adapt to new 

circumstances. The complexity inherent in the number of interacting variables in space 

and time can be prohibitive of research and understanding. Data for verification and 

validation of this ABM do not exist, and therefore the quantitative data gathered in the 

mode cannot be used to prove specific behavior in the case of a NWMD detonation in 

NYC. Validation for this work would require a NWMD event for observation, if possible, 

and the means with which to measure the behavior of individuals and emergent groups 

throughout the event. More problematic for the experiment conducted in my dissertation 

is the lack of data points. The study of scaling in the model only included population 

sample sizes of 406, 2,298, 22,960, and 229,544; respectively, 0.004%, 0.020%, 0.202%, 

and 2.022%. The smaller sizes were not able to produce any significant patterns, and any 
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patterns identified only used two or three data points. For more conclusive work the 

experiment should be expanded to use more and larger population sizes. 

The challenges of research in the area of complex adaptive systems and disasters 

are numerous. Research on complex subject matter requires the management of 

heterogeneity, multiple dimensions (time, space, scale, etc.), many interdependencies, 

interacting scales (local to global), unpredictable outcomes, and the need for 

interdisciplinary expertise. More critical to progress in this area is the unobservability of 

events and indicators. The features of the physical, social, and individual systems often 

do not survive a disaster event and reported events and experiences are reshaped by 

memory and circumstance. Additionally, the environment in disasters is often too 

dangerous for observation and measurement or too unpredictable for researchers to plan 

any field work. 

7.3 Research Significance 

The work presented in this dissertation not only demonstrates the extent an ABM 

can characterize individuals and emergent groups respond to a disaster in NYC, but also 

furthers disaster study with a new conceptualization of disaster in a complex adaptive 

system of systems (Figure 1) and extends the use of computational social science 

methodologies in disaster research. It expands the spaces of scientific inquiry in disaster 

research from traditionally qualitative methodologies to computational social science’s 

quantitative methodologies. Perhaps more significant is the use of a CAS disaster 

framework that can cross the disciplines and support the integration of research from 

multiple fields of disaster studies. The conceptualization can be used as a foundation for 
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ensuring ABMs adequately account for the interacting systems and variables in disasters. 

As discussed in Sections 3.2-3.3 representing these three CASs is required to improve 

understanding of the nonlinear dynamics, the crossing of scales, and the feedback of 

forces already observed and studied in disaster research. The framework enables 

modelers to adequately simulate the dynamics of the complex adaptive systems that 

evolve into disasters such as features of heterogeneity, webs of connections and 

relationships, and adaptations with the system, and dynamics such as emergence, flows of 

information and resources, and shifts of the system between stability and instability 

(Section 3.1). 

The combination of ABM technology with SNA and GIS for disaster study is a 

novel methodology in CSS that enables experimentation with spatial characteristics in the 

physical system as well as the agent interactions that make up the social and individual 

systems. Experimentation with social networks in an ABM adds to the knowledge of how 

social networks evolve in bounded space and time, and the ABM demonstrates how 

social networks can be operationalized and analyzed within the framework of a spatially 

explicit model. This work integrates disaster research from empirical and theoretical 

literature within an ABM. By developing a conceptualization of complex adaptive system 

of systems in disaster (Section 3.5), ABMs of disaster can be designed to better 

characterize the effects of physical (Section 2.3), social (Section 2.4), and individual 

(Section 2.5) systems and better represent the balance of forces within these systems. 

Integration of agent-based modeling with SNA and GIS demonstrates how the 

combination of these computational techniques can illuminate agent interactions with 
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network diagrams and create emergent networks that can be studied for network 

characteristics and attributes.  

7.4 Future Work 

 The ABM of a NWMD detonation disaster provides a number of opportunities for 

further experimentation with the addition of further coding, ranging from the simpler 

such as running it beyond 15 minutes after impact to the more complex such as changing 

the NWMD to an earthquake no-warning disaster. Extending from the results shown in 

Table 4, additional simulation runs of the ABM could demonstrate other dynamic 

behavioral patterns resulting from the stochasticity injected by the destruction of road 

network nodes and edges or agent movement away from the impact area. The group size 

limitation of 100 could be removed or more sample population sizes created to test 

whether the exponential curves found in the distribution of the number of groups at each 

size, the scaling in the number of nodes and edges, and the network degree distribution 

for emergent groups in the 2.202% population size (Figures 27-28, 32, and 33C) may be 

evident in emergent group formation. 

Model extensions of the ABM can provide a wealth of future investigations. 

Beginning with a simple extension future experiments could investigate the different 

underlying reasons for the emergent groups disbanding whether due to agent deaths, 

changes in the goals of whether to find shelter, shelter, flee, or join a group, or changes in 

the agent goal destinations. These social networks could be exported at each step to 

illustrate how the groups form or disband dynamically. Another relatively simple 

extension is to add carpool group behavior after the event, and experiment with how 
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existing groups such as households and work networks impact the emergence of ad hoc 

groups. These groups could be measured and analyzed using SNA on the exported social 

networks. More complex additions to the model could include adding more decision-

making so agents can change their temporary location objectives and locate and join their 

family (household) network based on new information. With these data it would be useful 

to export agents’ household, school, work, and emergent networks to explore how the 

networks change, when, and for what reasons. The use of information to influence 

behavior dynamics opens the research into the area of Cyber Security in which ABMs are 

used to study the impact of misinformation on the dynamics of disaster.  

Differentiation of the forms of agent commutes could be also modeled with 

movement via subway, bus, or ferry. These would open areas of research to test the best 

forms of transportation in the case of various disaster as well as the best means of 

transport for supporting the evacuation of large population areas. Traffic problems 

associated with evacuations has long been a factor in the decision to not evacuate areas at 

risk during hurricanes and wildfires. Another larger area of research would involve 

identifying and implementing the means for collecting data on the social networks that 

influence behavior in disaster. Along with cell phone data, new phone applications could 

be designed and used to gather these data that would support better behavioral studies and 

could validate ABMs and experimentation in computer simulations. 

Beyond the ABM designed and tested in this work, future ABMs can be to 

explore the dynamics of social networks in all disaster phases, preparation and mitigation, 

response, recovery, and rebuilding. These models could explore the different forms of 
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networks discussed in Section 1.2 and test which forms are of most benefit in disasters, as 

well as how to encourage their formation. New forms of disaster such as slow-moving 

hurricanes; natural, ‘no-warning’ earthquakes; and ‘man-made’, ‘no-warning’ lone 

shooter events could be modeled. The dynamics of social networks could also be tested to 

see how geographical features such as rivers or urban density may impact the ability and 

speed of groups to form and disband. In addition innovative techniques in data collection 

such as cell phone tracking and applications could be used to identify the dynamics of 

group adaptations. Another challenging area of future work in CSS involves research 

improving computational solutions in high performance and distributive computing for 

speeding the processing of networks in ABMs and other models as noted in Section 4.4. 

7.5 Conclusion 

The work presented in this dissertation shows to what extent an ABM can 

characterize the social networks that emerge in response to a NWMD detonation in NYC. 

By using a synthetic population generated from U.S. Census data we were able to create 

an artificial world populated by land features, road networks, and agents with sufficient 

heterogeneity to create realistic movement patterns and the social networks which play a 

vital role in disaster situations. Individuals and groups are represented in both the 

baseline of normal commuting behavior and response to the harm and destruction caused 

by the NWMD. In the ABM individual agents either join a group, flee, find shelter, or 

shelter and then form ad hoc groups based on shared goals. These emergent groups were 

measured by number and size and later exported and analyzed as social networks. Future 

work can focus on SNA of the these exported social networks and add to the complexity 
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of the model. Both the conceptual framework of disaster’s complex system of systems 

and the ABM designed and developed in MASON can be extended to further 

understanding of the impact of social networks in disasters. 
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