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Integrating the Social Vulnerability of Host
Communities and the Objective Functions of
Associated Stakeholders during Disaster Recovery
Processes Using Agent-Based Modeling

Mohamed S. Eid, S.M.ASCE"; and Islam H. El-adaway, M.ASCE?

Abstract: Disaster recovery requires the participation of the stakeholders to repair the impacted community. Nevertheless, disaster recovery
remains understudied within the context of emergency management. Various models have been developed to address disaster recovery.
However, those models neither considered the stakeholders’ needs and preferences, nor the vulnerability of the host community. This paper
presents a decision-making framework for disaster recovery that uses a bottom-up approach to capture the needs of the impacted residents and
decreases the social vulnerability of host communities. The authors developed the following research methodology: (1) use a well-established
community specific social vulnerability assessment tool to evaluate the society vulnerability; (2) model the multisector stakeholders through a
root-to-grass technique that captures their objectives, strategies, and learning behaviors; (3) simulate the recovery progress of the impacted
community using an agent-based simulation toolkit; and (4) interpret the results to provide the decision makers with optimal recovery strat-
egies. The restorations efforts in the aftermath of hurricane Katrina in three coastal counties in Mississippi were used as the problem domain.
Accordingly, the proposed model was implemented on a multiagent-based simulation toolkit with geographic information system (GIS)
abilities. This research optimized the budget for the State Disaster Recovery Coordinator and the residents’ insurance plans choices. As
such, this study provided better social vulnerability indices than the existing conditions currently found in the areas under investigation.
Further, this research provided higher disaster recovery rates within the studied host communities. For future work, other vulnerability di-
mensions will be simultaneously integrated into the model to provide a more accurate depiction of sustainable disaster recovery processes.
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Introduction

Disasters are defined as “nonroutine events in societies . . . that in-
volve conjunctions of historical conditions and social definitions of
physical harm and social disruption” (Picou et al. 2004). Disaster
events have led to billions of dollars in infrastructure losses because
of their increasing rates and magnitudes in the last decade (Eid et al.
2015; Economics of Climate Adaptation Working Group 2009).
Recent examples in the United States include: (1) Hurricane
Andrew in 1992 ($20.9 billion); (2) the Northridge earthquake in
1994 ($15.9 billion); (3) the four Hurricanes Charlie, Ivan, Frances,
and Jeanne in 2004 (total of $21.9 billion); (4) Hurricane Katrina in
2005 ($125 billion); (5) Hurricane Rita in 2005 ($10 billion);
(6) Hurricane Wilma, also in 2005, ($16.8 billion); (7) Hurricane
Ike in 2008 ($19.3 billion); and (8) Hurricane Sandy in 2012
($68 billion) (Eid et al. 2015).
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Our nation’s infrastructure is highly vulnerable to natural haz-
ards (Haimes 2012). Accordingly, decision makers are in need of
sustainable disaster recovery decision support tools that decrease
the vulnerability of the built environment and meet the needs of
the host community (Eid and El-adaway 2016a). Even though dis-
aster recovery dimensions were investigated (social, environmental,
and economic), there is still a need to account for the complex in-
teractions among the stakeholders who affect and are affected by
the recovery processes (Kennedy 2007). The National Disaster
Recovery Framework (NDRF) clearly stated that to achieve a suc-
cessful redevelopment project, disaster recovery agencies need to
assimilate the various participating entities and use the private in-
surance sector (NDRF 2011; Eid and El-adaway 2016b).

To better assist the decision makers, various post-disaster
recovery models were developed. Such models used mixed integer
linear programming, genetic algorithms, and numerical models to
optimize the different infrastructure redevelopment projects
(El-Anwar et al. 2015, 2010; Miles and Chang 2006; Bryson et al.
2002). However, the used approaches do not account for the host
community needs. Moreover, the models do not consider the
vulnerability of the built environment to future shocks. As such,
the models only can optimize isolated projects and are unsuitable
for addressing the community redevelopment at large (Eid and
El-adaway 2016b).

Conversely, even though agent-based models (ABM) were used
occasionally in emergency management (Crooks and Wise 2013),
only few attempts were carried out within the context of disaster
recovery. Fiedrich and Burghardt (2007) advocated the potential
role of ABM in recovery projects. Through simulating the stake-
holders of the impacted host community, decision makers can find
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the optimal strategies that meet the residents’ needs and decrease
the built environment vulnerability (Eid and El-adaway 2016a).
This can be carried out through the dynamic simulation that cap-
tures the different stakeholders in the impacted host community
(Nejat and Damnjanovi 2012). Thus, the use of ABM meets the
aforementioned recommendation by the NDRF.

Goal and Objectives

The objective of this research was to develop a decision-making
framework for disaster recovery to better guide the redevelopment
processes toward increasing the communities’ welfare. This paper
uses a bottom-up approach that captures the needs of the impacted
residents and integrates a social vulnerability assessment tool for
the host communities. This study will help identify the recovery
strategies that balance the short-term redevelopment objectives
and the long-term goal in social vulnerability reduction.

Background Information

Overview

Active involvement of the community’s stakeholders in the redevel-
opment planning and execution phases related to infrastructure de-
velopment activities increases the participating entities’ individual
utilities (Boz and El-adaway 2014). Meanwhile, the slow rate in the
redevelopment processes and lack of overall quality is contributed
to the inadequate framework and communication between the vari-
ous stakeholders (Ferdinand and Yu 2014; Chang and Rose 2012;
Olshansky et al. 2006). Accordingly, the NDRF emphasizes the
need to assimilate the participating entities in the decision-making
processes to achieve sustainable disaster recovery (NDRF 2011).

Sustainable Disaster Recovery and Social Vulnerability

Through the last decade, research was carried out to understand the
key elements to achieve a successful recovery process, and the
commonly used strategies by governments and impacted residents
(Cutter et al. 2006; Olshansky 2006). It was repeatedly documented
that the involvement of residents’ needs in the local government
decisions enhanced the overall recovery output (Olshansky et al.
2006). For example, after the Kobe earthquake (1995) in Japan
and hurricane Katrina (2005), higher residential approval was re-
ported for the redevelopment plans that were previously discussed
with the impacted community (Olshansky et al. 2006). This agrees
with the NDRF claim that broad community involvement in the
recovery decision-making processes is essential for a successful
recovery project.

According to Cutter et al. (2006), the governmental recovery
agencies attempt to assist the impacted residents through financial
compensation, household repairs, and retrofitting the vulnerable
structures. Meanwhile, residents of the impacted regions strove
to (1) allocate the financial means to repair and rebuild, (2) select
the optimal insurance policies that reduced their risk to future
events, and (3) decide whether to sellout or stay in the host com-
munity. Various factors may affect residents’ decision actions, such
as social ties, socioeconomic standards, and adequate financial sup-
port by the government (Olshansky 2006).

Post-disaster insurance policies also affect the recovery proc-
esses (Eid et al. 2015; Olshansky et al. 2006), and have been re-
ported as a key factor in the success of redevelopment projects
because it provides adequate financial means for recovery (NDRF
2011; Olshansky et al. 2006). To this extent, to optimize the various
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disaster recovery strategies, one should understand and account
for the complex interactions among the different multisector stake-
holders (Eid and El-adaway 2016a).

The ultimate goal of a sustainable disaster recovery process is to
decrease the vulnerability of the host community to future hazards
while rebuilding the impacted infrastructure. Social vulnerability
has been investigated thoroughly in the last decades to highlight
the key factors affecting societies’ vulnerabilities (Burton 2010;
Gilbert 1995). Social vulnerability is defined as the differential
capacity of groups and individuals to deal with hazards and changes
on the basis of their positions within physical and social worlds
(Dow 1992). A community’s social vulnerability also is affected
by the degrees of empowerment (ability to change strategies)
and resourcefulness (Watts and Hans 1993). To this effect, social
vulnerability has an inherent dimension in form of the social struc-
ture and its potential for loss because of empowerment and entitle-
ment, plus several other factors. In addition, the external dimension
of social vulnerability is contributed to a community’s exposure to
shocks and perturbations.

Recently, social vulnerability to hazard was quantified through
different models and approaches (Burton 2010; Turner et al. 2003).
The social vulnerability index (SoVI) is a widely recognized and
well-established vulnerability assessment model on the basis of the
host community’s specific socioeconomic data (Cutter et al. 2003).
To develop SoVI, socioeconomic variables for the host community
must be gathered, such as household income, median age, median
household value, education attained, and percentage of mobile
homes. In addition, multivariate analysis (factor analysis) must
be used to understand the factors that affect the host community’s
social vulnerability to disasters, depending on their socioeconomic
specific data. The use of factor analysis allows for the calculation of
relative vulnerability scores among the different regions under
study. Even though the interpretation of the factors produced from
factor analysis is subjective (Yang and Bozdogan 2011), this rel-
ative vulnerability scoring approach would provide decision mak-
ers with a tool to allocate the redevelopment funds depending on
the relative vulnerability of the different regions affected by the
natural disaster. Accordingly, the SoVI can be integrated into
the disaster recovery decision support tools to optimize the budget
distributions.

Agent-Based Modeling

Agent-based modeling is the result of cumulative research on the
aggregated impact of individual actions on the systems’ perfor-
mances. Through modeling the systems in a grsssroots fashion,
ABM captures the dynamics of the various participating entities.
As such, ABM contributed to the body of knowledge in social sci-
ence, economics, and engineering through exploring the impact of
individuals’ collective behavior on civil violence, social interac-
tions, disputes, highway transportation, and negotiation (Eid and
El-adaway 2016b; Mostafavi et al. 2015; Crooks and Wise 2013;
Du and El-Gafy 2012; El-Adaway and Kandil 2010; Miller and
Page 2004; Epstein 2002, 2001; Pefia-Mora and Wang 1998;
Axelrod 1986).

An agent is a computer program that acts on behalf of an indi-
vidual or an organization (Nwana 1996). Agents are assumed to be
(1) interdependent, and interact, influence, and affect each other;
(2) follow simple rules, norms, protocols, or heuristics; and
(3) adaptive, and replicate and/or learn (Eid and El-adaway
2016b). Intelligent agents are able to sense the surrounding envi-
ronment, react to changes around them, choose actions that meet
their needs, and learn through their (or others) past experiences
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(Padgham and Winikoff 2004). Thus, those agents can represent the
interactive stakeholders of a system.

To simulate the human complex behavior through experience
and learning, different learning models have been developed. These
models enable agents to use optimal decision actions depending
on their observations of the surrounding environment. Learning
is categorized into (1) individual, learning through one’s own ex-
perience; and (2) social, learning through observing other similar
agents. Different learning models were introduced in the last de-
cade via multidisciplinary research in artificial intelligence, social
science, and mathematics [Bayesian learning, Roth Erev reactive
learning, Heuristic learning, Markov hidden process (MHP),
Q-learning, particle swarm, and genetic algorithms].

Nevertheless, few ABM attempts were carried out within a dis-
aster recovery perspective. Miles and Chang (2006) developed a
post-disaster recovery model that simulates the redevelopment of
the community on the basis of the interactions among the residents,
businesses, and recovery agencies. Meanwhile, a multi-agent re-
covery simulation model was developed within a game theory con-
text (Nejat and Damnjanovic 2012). The model simulated and
analyzed the residents’ sellout option, post-disastrous event. Never-
theless, the aforementioned attempts did not fully capture the ABM
abilities in providing proactive decision-making support tools that
decrease the vulnerability of the host communities to future disas-
trous events (Eid and El-adaway 2016Db).

Research Methodology

The authors developed the following four step research methodol-
ogy to achieve the proposed goal: (1) use well-established commu-
nity specific social vulnerability assessment tools to evaluate the
society vulnerability; (2) model the multisector stakeholders
through a grassroots technique that captures their objectives, strat-
egies, and learning behaviors; (3) simulate the recovery progress of
the impacted community using an agent-based simulation toolkit;
and (4) interpret the results to provide the decision makers with
optimal recovery strategies.

The proposed model used the post-Katrina redevelopment
efforts for three Mississippi coastal counties as the problem do-
main. As such, the authors gathered the following data sets to
evaluate the host community social vulnerability, model the stake-
holders’ strategies and decision actions, initialize the simulation
runs, and for comparison purposes. The associated data sets gath-
ered are as follows:

e To develop the model to the pre-existing conditions, generate
the initial population, and develop the comprehensive social
vulnerability indicator, Ex- and post-Katrina socioeconomic
data were gathered at the census tract level. The authors used
U.S. Census Bureau (2012) data to collect the variables
needed for each of the 78 census tracts within the three coastal
counties.

e The Mississippi Development Authority’s (MDA) federal re-
porting highlighted the commonly used disaster recovery action
plans by the government recovery agencies (MDA 2015).
Accordingly, three action plans were defined that directly im-
pacted the residential sector: (1) the homeowner assistance plan,
a financial aid to repair and rebuilt households with a maximum
of $150,000; (2) public home assistance, a housing program for
low-income families within the impacted region; and (3) eleva-
tion grants, a retrofitting plan to increase household resilience to
floods by elevating the building up to 1.9 m. The authors also
collected the budget distribution of the MDA through federal
reporting to determine the expenditure share of each of the
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aforementioned plans. In addition, the authors gathered the
average recovery rate per action plan to simulate how the var-
ious government redevelopment strategies affected the residen-
tial sector recovery.

* HAZUS-MH was used to simulate hurricane Katrina’s impact on
resident households. The simulation used HAZUS historic data
sets to carry out a Level 1 analysis on the hurricane’s direct and
debris damage to households. As such, each household’s da-
mage was acquired depending on the resident’s census tract.
A tornado microhazard module was developed using historical
data (1953-2012) that are publicly accessible at the Mississippi
Emergency Management’s website (MEMA 2016). Using the
data’s 150 observations, a probability density function was de-
veloped and integrated into the ABM to better simulate resident
decisions in the presence of recurrent shocks.

Model Development

Model Assumptions

The proposed ABM simplified real-life redevelopment projects.

Thus, this model did not explicitly capture the complete human

decision-making behavior, but represented them through well-

recognized social and individual learning models that simulate
rationally-bounded stakeholder behaviors. To this effect, the pro-
posed model assumed the following:

1. The objective of the resident agent was to maintain its wealth
(household value and income);

2. The disaster recovery agencies’ objectives were to meet resi-
dents’ needs and decrease the community vulnerability;

3. All agents in the proposed model were rational; agents would
never take any action that is known to themselves through de-
creasing their objective functions; and

4. Resident agents could mimic any other resident agent through
complete observation and information about the other agent’s
current status and decision actions.

Comprehensive Social Vulnerability Assessment Tool

Adopting the SoVI methodology introduced by Cutter et al. (2003),
this research integrated a social vulnerability indicator into the
ABM to evaluate the overall social vulnerability of the host com-
munity. The SoVI model is a comprehensive socioeconomic and
demographic model that evaluates the host community’s vulner-
ability to disaster. Through relative vulnerability evaluation of
the different regions understudy, this approach allows recovery
agencies to allocate funds to the most vulnerable regions, as shown
subsequently. This is carried out by determining the socioeconomic
factors that affects residents’ vulnerability to hazards.

Through the development of the SoVI, Cutter et al. (2003)
pointed out the effect of socioeconomic characteristics on the vul-
nerability of the host community. Using the social science litera-
ture, several factors were deduced that underlines the social
vulnerability attributes as follows:

Economic

The economic subcomponent in social vulnerability is related
to the community’s access to economic assets and household
wealth. This enables the community to easily recover from dam-
ages (Blaikie et al. 1994; Tobin and Ollenburger 1993; Cutter
et al. 2003; Watts and Hans 1993). Variables associated with this
factor are per capita income and the percentage of high-income
families.
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Equity

Social equity measures the community’s resourcefulness.
Resourcefulness is a key factor in the social vulnerability to disaster
events and exposure to damage and shocks (Smith and Wenger
2007; Watts and Hans 1993). Variables associated with this factor
are percentage of the population with vehicles, percentage of home
ownership, and percentage of mobile homes.

Adaptive Capacity

The social adaptive capacity is pointed out several times in the so-
cial science field, in terms of social vulnerability and resilience to
disasters, as a measure for the community’s ability to respond and
cope with hazardous events (Cutter et al. 2003, 2006; Turner et al.
2003; Burton 2010). Variables associated with this factor; age, dis-
abilities, and education level.

Occupation

Literature shows that type of occupation and its correlated wages
and salaries affect social vulnerability (Cutter et al. 2003, 2006;
Burton 2010). Variables associated with this factor include the
percentage of the population that are not infirmed or institutional-
ized, and the percentage of the population working in service
occupations.

Ethnicity
An increase in one race over another and the presence of more than
one race in the same community explains the social vulnerability
patterns in different regions (Cutter et al. 2003, 2006; Burton 2010).
Variables associated with this factor include the percentage of
African Americans, the percentage of Native Americans, the per-
centage of Asians, and the percentage of Hispanics or Latinos.
Following the SoVI methodology, different multivariate statis-
tical analyses were applied to the standardized variables to measure
social vulnerability indicators, as presented in Fig. 1. First,
nonlinear and nonparametric statistical approaches, including
multidimensional scaling, were employed to evaluate the overall
structure of the data and its fitness for purpose. Second, the
Cronbach’s alpha reliability analysis was used to investigate the
degree of correlation among the different variables that indicate
a common latent variable. Third, factor analysis was used to reveal
how different variables are associated with each other and how they
affect community vulnerability. Finally, a simple additive model
was used to calculate the relative vulnerability score of each region
under study.

Disaster Recovery Agent-Based Model

Purpose

The proposed ABM was developed to represent the recovery dy-
namics of the impacted host community on the basis of the asso-
ciated stakeholders’ decision-making processes, interactions, and
learning behaviors. Moreover, the impact of integrating the SoVI
into the objective functions of the associated stakeholders was

evaluated through the developed ABM. This approach attempted
to decrease the social vulnerability of the host community to future
shocks and increase the participating entities’ individual utility.
As such, the proposed ABM enabled the decision makers to find
the strategies that meet the residents’ redevelopment needs and de-
crease community’s social vulnerability.

Agents Overview

Three different entities were depicted within the ABM: residents;
insurance companies; and the government represented by the Local
Disaster Recovery Management (LDRM), State Disaster Recovery
Coordinator (SDRC), and Federal Disaster Recovery Coordinator
(FDRC). The aforementioned stakeholders followed the NDRF’s
recommendations for broad community participation in the recov-
ery processes (NDRF 2011). Nevertheless, the proposed model
only considered and optimized the resident and SDRC agents’ de-
cision actions. Insurance companies, LDRMs, and the FDRC are
regarded as intermediate entities that either provide services or
facilitate communications between the two primary agents.

Fig. 2 presents the proposed agents interactions and basic struc-
ture. The model was initialized with the host community specific
data, including number of census tracts, number of households per
census tract, and SoVI per census tract. Depending on the impact of
the disastrous event on the host community’s households, each res-
ident agent determined if repairs were required and whether the
agent should apply for financial assistance through the LDRM.
The resident agent also accounted for insurance coverage and if
any had been purchased previously, which helped the resident to
recover. At this point, the resident agent decided (through social
learning) whether to keep the current insurance policy or apply
for a more appropriate policy.

The SDRC provided residential redevelopment support through
recovery plans. Through individual learning, the SDRC redistrib-
uted the available funds across the different recovery action plans.
Meanwhile, the LDRMs communicated with the local residents to
present them with the SDRC’s residential redevelopment options.
According to the NDRF (2011), the LDRMs also checked submit-
ted applications by the local residents, only accepting the eligible
resident agents, and managed the redevelopment activities and
progress (NDRF 2011). Finally, the FDRC funded the SDRC and
collected the redevelopment progress through the SDRC’s periodic
reports.

Resident Agents

The objective of the resident agents was to maintain and increase
their current wealth, as show in Eq. (1). Within the disaster recovery
context, the objective function was impacted by the household
value and any paid expenses (repair, tax, and insurance) (Eid
and El-adaway 2016b)

Zi=H;+1i=T; = Pipym + Citnm) — R;i (1)

where i = resident index; Z; = objective function of resident I; H; =
household value for resident /; /; = monthly income for resident /;

Data Input Data Evaluation Reliability Factor Analysis Scoring
Examine Structure . . V census tract
Raw Data and Fitness: % Fmd r.elated variables % Detetining factors % 55
utilizing Cronbach’s with eigenvalie >1.0
e Co-linearity Alpha with 0.7 ’ z Zfi =Y
Standardized Data threshold i=1j=1
L] Correlation f: factor
v: variable

Fig. 1. SoVI methodology
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FDRC

-Fund : double

SDRC

LDRM

+fund(SDRC)

InsuranceCompany

-County : String
-NumCensus : int
-RecoveryProgress : double
-SoVI : List

-RecoveryPlans : List
-AvailableFunds : double
-RecoveryProgress : double

+individual_Learning_RothErev() /Eq. (13-14)
+ReocoveryReward() /Eq. (10) ~
+SoVIReward() /Eq. (11)

+SoVI()
+checkApplication(Resident)

+recoveryProgress(Resident []) /Eq. (7-9)

Host Community

-CensusTracts : List
-SoVI : List
-HouseholdsNum : List

+getSoVI_perCensus()
+getDisasterlmpact_Census()

Resident

-InsurancePolicy

+getPremium()
+getCoverage()

-HouseholdValue : double
-Income : double

-County : String

-Census : int

-Location : double[][]
-InsurancePolicy

+Social_Learning_GAs()
+individual_Learning_RothErev() /Eq. (4-6)

+recovery()

+ApplyforAssistance() /Eq. (3)

Fig. 2. Agents’ interactions and basic structure

T; = monthly distributed tax amount (income and property taxes);
Pj(nm) = monthly distributed insurance premium cost, if any, for
plan m offered by insurer n; Cjy,, = insurance compensation
value, if any, paid by insurer n for plan m; and R; = self-paid repair
costs.

Accordingly, the resident agents had the two following strate-
gies to optimize and increase their objective functions: (1) decide
on which insurance policy to purchase (or none), and (2) find fi-
nancial means to repair the damaged household. Meanwhile, the
residents’ strategies expenditures were limited to their net monthly
income (Eid and El-adaway 2016a). It was estimated that the
monthly living costs for a household did not exceed 45% of
the gross income (Federal Highway Administration 2014). Thus,
the aforementioned resident’s monthly expenditure (7, P, and
R) should be less than the monthly net income (Eid and El-adaway
2016a) as shown in Eq. (2)

Ti + Pi(n,m) + Ri < (] - 045)11 (2)

To maintain and increase the objective function through the
first strategy (insurance policy), residents observed each other to
determine the insurance policies that best suited them (Eid and
El-adaway 2016b).

Residents Social Learning Module. To mimic the residents’ social
learning in their attempt to find the optimal insurance policy, the
authors used genetic algorithms (GAs). Genetic algorithms can re-
present efficiently the agents’ social-learning processes (Riechmann
2001) by simulating the social interactions among a number of res-
idents or individuals, and imitating their observations and commu-
nication (Eid and EL-adaway 2016b; Eid et al. 2015). Genetic
algorithms have been shown to be an effective optimization ap-
proach throughout the last decades (Eid et al. 2015, 2012; Hyari
and El-Rayes 2006; Elbeltagi et al. 2005; Feng et al. 1997), despite
consuming a long computation time (Bell and Lida 1997). The GA’s

© ASCE 04017030-5

algorithms allowed residents to mimic the fittest among them,
following Darwin’s theory of survival of the fittest (Eid and El-
adaway 2016b; Riechmann 2001; Vriend 2000). Thus, residents ob-
served all the other residents, determined the fittest, and mimicked
their decision actions (insurance policy).

Residents Individual Learning Module. To secure the financial
means needed for repair, the resident agent submitted an applica-
tion for a governmental aid through the LDRMs. As such, the res-
ident agent attempted to increase its objective function by choosing
the plan that maximized its expected utility (Eid and El-adaway
2016b) as shown Eq. (3)

E(U)); = (G; x Aj) x pr; (3)

where E(U;), = plan j’s expected utility for the resident /; G =
maximum award provided by the government (SDRC) for plan
Jj; A = government (LDRM) average acceptance probability of
plan j; and pr = the learning probability used from the following
reactive reinforced learning module.

Even though each resident agent chose one of the offered plans
that maximized its expected utility function, the LDRMs could still
deny the resident’s application if the resident agent was found ineli-
gible (not meeting the prespecified criterion) or because of a lack of
funds by the SDRC. Accordingly, the resident agent needed to learn
and adjust the probability associated with the selected plan to be
used with the following time steps. Thus, the residents learn
through their individual past experiences that can be captured
through a reactive learning model.

The residents’ individual learning behavior on the basis of their
past experience and repetitive interaction with the LDRM was illus-
trated using the Roth Erev reactive reinforcement learning module
(Erev and Roth 1998). The Roth Erev reactive reinforcement learn-
ing module is a game theory-based model that mimics the learning
behavior of individuals playing an extensive game (Erev and
Roth 1995). First, the model determined the immediate reward
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associated with the decision action (Eid and El-adaway 2016b), as
shown in Eq. (4)

+1 ifj=k ‘
Ej(k):{ Vi=12.....0 (4

0  other wise

where E = reward of action j when using decision action k. If
J = k, E takes the value of +1 or —1 if the application is approved
or denied, respectively. Otherwise, E = 0.

At each time step, each decision action’s propensity was up-
dated using Eq. (5), and accordingly, this changed the probability
of choosing each action, as shown in Eq. (6)

qi(t+1) =q;(t) x (1 =¢) + E;(k) x (1 —¢) Vj=12,....J
(5)

pri(f) = qj(t)/qu(l)Vj =1.2,....J (6)
j=1

where g;() = propensity of action j at time #; and ¢ and ¢ = for-
getting and experimenting parameters, respectively. Both ¢ and ¢
allowed the agent to explore more options further on (Eid and
El-adaway 2016b). Finally, pr = probability distribution of
action j.

As such, the Roth Erev module was able to represent the indi-

vidual learning process of the residents given their own experien-
ces. Accordingly, the model weakened the probability of the
strategies with poor outcomes and increased the most rewarding
strategies’ probabilities.
Residents Recovery Progress. Depending on the used (and ac-
cepted) government recovery plan, the residential recovery module
calculated the household recovery status at each time step, as
shown in Fig. 3. To evaluate and report the recovery status of
the residential households, each LDRM calculated the initial house-
holds values via Eq. (7), determined the current redevelopment
progress at each time step through Eq. (8), and reported the changes
in the households’ recovery progress through Eq. (9)

1

D, => H ¥Yy=12 .Y (7)
1

D, =Y H; ¥Yy=12..Y (8)
D,

ADyf:D"’ Vy=12....Y 9)

where D, = initial development status for county y; Dy, = current
redevelopment status at time #; AD,, = current change in develop-
ment at time #; and H; = household value for resident 7 in county y.

State Disaster Recovery Coordinator

Eq. (10) shows that the aforementioned SoVI was integrated into
the objective function of the SDRC to decrease the host commun-
ity’s vulnerability. In addition, the SDRC accounted for the resi-
dents’ objective functions to meet their needs, as illustrated in
Eq. (11). Accordingly, the SDRC carried out a multiobjective
optimization by minimizing Eq. (10) and maximizing Eq. (11).
However, the total expenditure of the SDRC was constrained by
the funds provided by the FDRC (Eid and El-adaway 2016a), as
shown in Eq. (12)
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Fig. 3. Residential building recovery module

Average (SoVl), Vk=12,...,K (10)
1
ZAZ,-k Vk=12 ....K (11)
1
> SG; < TFF (12)

i=1

where AZ; = objective function changes of resident i when utiliz-
ing plan k; SoVI = average social vulnerability index for the res-
idents applying for plan k; SG; = state governmental funding for the
residents /; and TFF = total federal funding for the SDRC.

As such, the SDRC needed to redistribute the funds across the
different disaster recovery strategies at each time step depending on
the impact of the strategies on the community’s vulnerability and
the objective functions on the residents. The SDRC attempted to
optimize the budget distribution across the different redevelopment
actions plans on the basis of its experiences, and those attempts can
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Table 1. Insurance Companies Plans’ Premiums and Coverage Percentages

Plan A Plan B Plan C
Insurance company Premium (%) Coverage (%) Premium (%) Coverage (%) Premium (%) Coverage (%)
Insurer number 1 1.8 70 75 2.8 85
Insurer number 2 2.2 80 2.8 85 3 95
Insurer number 3 2.8 85 95 3.28 100

be represented through Roth Erev reactive reinforcement learning
model (Eid and El-adaway 2016b). Accordingly, Egs. (10) and (11)
were integrated into the SDRC’s propensity function in the
form of an immediate reward (/R;) for each plan k, as shown in
Eq. (13). IR, is the relative fitness of each plan k given the SDRC’s
objective function. Thus, the module can find the Pareto-optimal
budget distribution through multiobjective function optimization

G(t+1)=q(t)1—¢)+ IR, x(1—¢) VYk=12,....K
(13)

where g, (f) = propensity of plan k in time 7.

The plan k funding proportion (p) is its associated probability as
shown in Eq. (14), which was affected by the plan’s propensities.
The Roth Erev learning model used ¢ and € parameters to represent
the temporal effect of the various disaster recovery strategies
(Eid and El-adaway 2016b). Thus, unlike other opportunistic tech-
niques, the Roth Erev approach can achieve optimal budget distri-
butions that meet the residents’ recovery needs and decrease the
host community social vulnerability

pkm—qk(r)/zqk(r) VE=12...K (14)
k=1

Insurance Agents
To provide residents with financial support in case of a
disaster, insurance companies offered a variety of post-disaster

policies. Meanwhile, the insurance premiums, coverage, and
number of policies offered to the residents were optimized by
the insurance companies (Eid et al. 2015). However, as previously
discussed, the proposed ABM did not address the decision-making
processes of the insurers, and it will be investigated in future work.
The authors developed three types of myopic insurers offering
different policies using Eid et al. (2015) data. Table 1 presents
the various insurance policies, premiums, and compensation ratios
per insurer.

Implementation Platform

The authors used GeoMASON as a platform for the proposed ABM.
GeoMASON integrates geographic information systems (GIS) abil-
ities into MASON, an open source multiagent simulation toolkit
(Sullivan et al. 2010). Geographic information systems facilitate
gathering the required attributes and inputs to initialize the agents
within the model. This allows the model to be transformable to any
problem domain. In addition, the visualization of the residents’
location and their proximity to hazards was made easy because
of GIS. Fig. 4 depicts the residents’ distribution across three
Mississippi coastal counties: Hancock, Harrison, and Jackson (west
to east), illustrating the population distribution per census tract. The
resident agents were randomly distributed within their correspond-
ing census tract.

Model Testing
The proposed ABM was designed to be modular (flexible to alter-
nate the various processes without negative impact on the model’s

@© Resident Agents
@ Disastrous Event

Fig. 4. Proposed model implementation on GeoMASON
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performance) and scalable (can be used on any scale and for any
number of agents/stakeholders). Incremental tests were carried
out to examine agent behaviors via structural and behavioral testing.
Direct empirical and theoretical tests were carried out through the
structural testing. Meanwhile, to evaluate agent communication ac-
curacy, behavioral testing was conducted. In addition, a number of
regression and progression tests were used to evaluate test agents.
Most importantly, the AMB ran through two simulation scenar-
ios (actual and uniform budget distributions). The simulation sce-
narios allowed for rigorous assessment on the model outcome
(accounting for the needs of the residents and vulnerability of
the community) in comparison with two counterfactual simulation
scenarios, thus showing the model importance and potential.

Results and Analysis

The results obtained from the ABM were compared with the
existing conditions of the three aforementioned counties in addition
to both of the simulated scenarios (actual and uniform budget).
First, using the comprehensive social vulnerability indicator, the
social vulnerability resulting from the model was compared with
the existing social vulnerability of the three Mississippi coastal
counties and the two aforementioned scenarios. Subsequently, a
discussion on the proposed budget for the SDRC is presented to
highlight the reasons behind the different social vulnerability out-
comes. The proposed budget was thus compared with the actual
MDA expenditure distribution across the three residential recovery
plans. Furthermore, to investigate the proposed SDRC’s budget im-
pact on resident recovery, the model’s outcome was compared with
the aforementioned scenarios illustrating the changes in the disaster
recovery rate and the potential of the model. Finally, the social
learning model’s outcome to simulate the residents’ decision on
insurance policies was presented along with a discussion on its im-
pact on household recovery. All comparisons were carried out be-
tween 2007 and 2012. This is because the socioeconomic data at
the census tract level was not available until 2012, whereas the
MDA federal reporting started in 2007.

Statistical Significant Sample Sizes

The authors used Lorscheid et al. (2012) and Lee et al. (2015) meth-
odology to determine the minimum required simulation runs
needed to achieve statistically significant results. Such an approach
uses descriptive statistical analysis, and the means and variances of
the model’s distinct outcomes (Lee et al. 2015). Using the coeffi-
cient of variation proposed by Lorscheid et al. (2012), the sample
size was calculated using Eq. (15)

Table 2. Factor Analysis Loadings—2007

Npin = argmax,, |¢;" — ¢ |(error, VxandVm)n (15)

where n,,;, = minimum sample size; x = distinct outcome of inter-
est; and m = some sample size > n, for which coefficient of varia-
tion (¢, = o/p) is measured.

The authors calculated the simulation runs required to provide
less than 5% margin of error for the SDRC budget distribution,
residential recovery per county, and social vulnerability indicator
per county. As such, seven different sample sizes were calculated.
The minimum simulation runs, using Eq. (15), was found to be 175
runs, and the authors collected 180 runs.

Social Vulnerability Assessment

The SoVI is a comprehensive socioeconomic and demographic
model that assesses the host community’s vulnerability to disaster
on the basis of their specific data (Cutter et al. 2003). To develop
the SoVI, socioeconomic variables for the host community were
gathered, such as average household income, household values,
percentage of females, median age, percentage of mobile homes,
and percentage of population speaking English. To this end, using
the gathered dataset for the aforementioned three Mississippi
coastal counties across the 78 census tracts, and following the SoVI
methodology, 21 variables were introduced to the Cronbach’s
alpha reliability analysis. Afterward, 12 variables with a Cron-
bach’s alpha value over 0.7 were retained. The elimination of nine
variables reduced the attributes to economic, equity, and adaptive
capacity.

Also, as previously noted, the SoVI methodology involves the
use of multivariate analysis (factor analysis) to understand the fac-
tors that affect the host community’s social vulnerability to disas-
ters, depending on their socioeconomic data. The use of factor
analysis allowed for the calculation of relative vulnerability scores
among the different regions under study. To this effect, factor analy-
sis was carried out on the 12 socioeconomic variables, resulting
in four factors having eigenvalues greater than 1 that defined the
social vulnerability of the studied region. Table 2 illustrates the
retained 12 socioeconomic variables, their relation with the afore-
mentioned social vulnerability attributes, and the factor loadings
for the socioeconomic data for the three Mississippi coast counties
in 2007.

Factor 1 is considered a hybrid factor representing the host com-
munity’s equity and their economic standard. Factors 2 and 3 sig-
nificantly relate to the economic standard and adaptive capacity.
Factor 4 presents the adaptive capacity and host community equity.
A simple additive factor score model was used to obtain the SoVI
score for each census tract. In this way, each of the aforementioned
factors was considered of an equal weight to the host community’s

Attribute Variable Factor 1 Factor 2 Factor 3 Factor 4
Economic Income 0.1075 0.70098 0.69642 0.08683
Median house value 0.47794 0.5388 0.38824 0.1935
% High income —0.03246 0.20805 0.19926 0.0958
Equity % With vehicles —0.18206 0.17196 —0.04783 0.04745
% Phone 0.11021 0.33085 —0.06504 0.48963
% Mobile home 0.9072 —0.11693 —0.3349 —0.10942
% Home ownership 0.748 0.09306 0.06204 0.15687
Adaptive capacity % Speak English 0.38664 0.06612 —0.0375 0.09478
% High school —0.00794 0.88604 0.04583 —0.01958
% Elderly —0.22932 0.00888 0.86224 0.1415
Median age 0.25112 0.29677 0.42491 0.16328
% Female 0.08361 —0.16211 0.3319 0.92466
© ASCE 04017030-8 J. Comput. Civ. Eng.
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Fig. 5. Social vulnerability distribution in 2007

social vulnerability. Fig. 5 represents the three Mississippi coastal
counties relative vulnerability using the SoVI scores obtained for
year 2007.

Fig. 6 illustrates the existing SoVI changes through the period
2007-2012. Figs. 7-9 present the SoVI changes corresponding to
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Fig. 6. Existing SoVI scores

the actual budget distribution scenario, the uniform budget distri-
bution scenario, and the proposed model outcome, respectively, for
years 2007-2012. The communities’ social vulnerability requires a
long time to change. This is because of the inherent social structure
that affects the host communities’ vulnerability. Accordingly,
changes shown in Figs. 6-9 were generally slow. Also, the actual
SoVI of the host community could not be identically replicated be-
cause of the various changes within the host community’s social
structure that was beyond the scope of the current model. Compar-
ing Figs. 69 shows that the proposed model outperformed both the
existing and actual budget distribution scenario’s social vulnerabil-
ity across the three counties. Meanwhile, even though the uniform
budget distribution provided relatively better SoVI scores for
Hancock and Jackson counties, the proposed model significantly
dominated it in Harrison County, which was the most populated
county.

For better visualization and comparison, Figs. 10 and 11 illus-
trate the actual and proposed ABM outcome, respectively, in regard
to the social vulnerability. As previously discussed, SoVI is a rel-
ative vulnerability assessment of the host community. Hence, there
always will remain census tracts that are more vulnerable in com-
parison with another. This approach, however, helped the SDRC
agent shift the fund allocation to the most vulnerable residents
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Fig. 7. Actual budget distribution SoVI scores
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Fig. 10. Actual social vulnerability in 2012
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Fig. 11. Projected social vulnerability in 2012 using the ABM model

(and the most populated regions) at the current time step. As such,
the model performance in regard to decreasing the counties social
vulnerability was observed. The following section discusses the
SDRC budget distributions that explains how the budget distribu-
tion affected the SoVI changes through the simulation run.

SDRC Funding Distribution Comparison

Fig. 12 illustrates the actual MDA’s expenditure proportion for each
of the three residential recovery plans. The homeowner assistance
plan consumed over 80% of the total budget throughout the years.
This plan provided local homeowners with financial aid to repair
their damaged households. This plan thus elevated the pressure on
the state’s recovery agencies by awarding the local residents up to
$150,000. However, such a plan does not have a significant positive
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Fig. 13. Proposed ABM funding distribution
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Fig. 14. Hancock recovery progress

impact on the social vulnerability of the community. Fig. 13 shows
that the proposed model attempted to balance the residents’ needs
and the social vulnerability of the three counties. An initial uniform
budget distribution was introduced to the SDRC to avoid any fa-
voritism of one plan over the others. Fig. 13 shows that the eleva-
tion grant share increased to 70% through the first year. Such plan
refers to the elevation grant retrofited the households to be more
flood resilient. As such, household values increased, and, in turn,
positively affected the residents’ objective functions and decreased
the social vulnerability of the census tract. Consequently, this de-
creased the social vulnerability of the three counties, as shown in
Fig. 9, in comparison with Fig. 6. During the same year, an average
of 30% of the budget was guided toward homeowner assistance,
which gave an immediate financial relief to the affected residents.
The use of disaster insurance plans affected the residents’ choices.
The insurance plans provided the residents with financial compen-
sation that drove them away from government financial aid.

Through the following years (2009-2011), a decline in the
elevation grant share occurred, whereas there was a significant in-
crease for public home assistance. The latter plan provided housing
assistance for low-income residents. This affected the community’s
social vulnerability because they were relatively and inherently
more vulnerable to hazards, again as noticed in Fig. 9 in compari-
son with Fig. 6. Moreover, the homeowner assistance plan share
also was significant because of its high reward impact on residents
through financial relief. By the end of the simulation run (2012),
the model tended to stabilize on a funding distribution of 43, 32,
and 25% to public home assistance, homeowner assistance, and
elevation grant plans, respectively.
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Fig. 15. Harrison recovery progress
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Recovery Progress

< ! This section illustrates the residential redevelopment progress using
g the proposed ABM and the two aforementioned simulation scenar-
g 095 . . . . .
8 ios. The evaluation was carried using Eqgs. (7)—(9). Figs. 14-16
T g9 present the three counties’ residential redevelopment progress using
= - . . . .
5] the two simulation scenarios, and the proposed SDRC’s budget dis-
‘2 085 tribution. Figs. 17-19 illustrate the upper and lower bounds of the
o . . . . .
residential recovery progress throughout the multiple simulation
08 runs via a box plot. Accounting for the residents’ needs in the
B T N T T S I AN T T I , . . -
S ¢ & ¢ &S S m@” & & SDRC’s objective function allowed the model to dominate both
<@ v v v v v v the simulated scenarios in regard to the residents’ recovery, which
conforms to previously discussed literature. This provided for no-
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ticeable higher recovery rates than the other budgets. Moreover, the
Fig. 16. Jackson recovery progress higher rate in recovery also is because of targeting low-income
households through the public home assistance plan, which was
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Fig. 19. Jackson recovery progress, box plot

noticeable in poor counties like Hancock. The elevation grant pro-
vided the residents with higher household values (than the initial
ones) by using more resources to retrofit the households. Accord-
ingly, the three counties achieved more than 100% recovery rate,
thus making them less vulnerable to future hazards.

Residents Choices over the Different Insurance
Companies

The residents were initiated with a uniformly random insurance
company and policy. As the residents started to recover from
the hazardous impacts, their insurance policies preferences changed
because of their social learning module. The residents attempted to
mimic the fittest among them who recovered faster, and, thus, had
higher objective function values. Fig. 20 illustrates the number of
residents per insurer (and no insurance option). Insurer No. 3 had a
relatively high share of the population through the first two simu-
lated years, shown by the fact that it compensated its customers up
to 100% of their incurred losses. However, such policies are expen-
sive, thus the residents learned through mimicking each other to use
insurance policies from other insurance companies. Meanwhile,
there was a decrease in those having no insurance policy because
of the continuous shocks given by the tornado micromodule.
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Fig. 20. Choices of residents over different insurance options
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Conclusion

This paper presents a decision-making framework for disaster re-
covery that used a bottom-up approach to capture the needs of the
impacted residents and decrease the social vulnerability of host
communities. The proposed model optimized the strategies of
the impacted residents and the SDRC. Nonetheless, this paper illus-
trated the relationship and interactions between the aforementioned
stakeholders with the insurance companies, LDRM, and FDRC.
The paper also presented an innovative approach to decrease com-
munity social vulnerability by using a well-established and com-
prehensive social vulnerability assessment tool and integrating it
into the objective functions of the associated stakeholders. Thus,
the proposed approach was able to meet the impacted residents’
needs and decrease the host community’s social vulnerability.
The proposed ABM illustrated the experience-based individual
learning of the residents and the SDRC through the use of the Roth
Erev model that eliminated any opportunistic attitude. Moreover,
GA’s were used as a social learning module to mimic the residents’
communication to optimize their selection of the various insurance
policies.

The model implementation phase used an open-source multi-
agent simulation kit with GIS abilities. For the problem domain,
the model used Mississippi residential redevelopment efforts.
Accordingly, the ABM optimized the residential recovery budget
for SDRC to meet resident needs in household redevelopment.
The model budget also decreased the social vulnerability of the
three Mississippi coastal counties and dominated the existing con-
ditions found post-Katrina. Further, the proposed ABM achieved
higher disaster recovery rates within the host communities under
investigation. These positive results were the outcome of the inno-
vative approach that integrated the needs of the participating enti-
ties and the social vulnerability of the built environment into the
SDRC’s objective functions.

Future Work

The authors will tackle the proposed model limitations and
assumption to increase its potential. The proposed ABM did not
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model the full negotiation processes between the residents and the
LDRMs. As such, the authors will develop further the modelling of
the negotiation and communication processes of the SDRC and res-
idents with the LDRMs. Moreover, the future work of this model
will include the development of the FDRC’s vital role in funding
the SDRC and evaluation of its impact on the recovery processes.
Furthermore, the learning constraints (spatial and economic stan-
dards) will be accounted for in the residents’ social learning mod-
ule. This will use fully the GIS potentials in defining neighborhood
structures that constraint resident social learning abilities. In addi-
tion, the developed model did not account for the residents’ sellout
option. Accordingly, the future work will examine such decision
actions and how it is affected by the government’s buyout pro-
grams. Finally, the authors will implement optimization techniques
to be used by the insurance companies that are considered myopic
service providers within the current model.

Through the future development of the proposed model, other
vulnerability dimensions will be integrated simultaneously into the
model to provide an accurate depiction of the host community’s
sustainable recovery processes. This approach will enable further
comprehensive understanding and multidisciplinary research on the
factors affecting the communities’ recovery activities. Moreover,
uncertainty of the recovery plans’ impact on the redevelopment
processes needs to rigorously addressed in future work to provide
for more realistic estimations on the redevelopment activities.
Furthermore, through focus groups with the multisector stakehold-
ers of the impacted region, the proposed model will provide more
accurate representation of the stakeholders’ decision-making
parameters through calibrations. Finally, to validate the model and
generalize its findings, the fully developed model will be imple-
mented and tested on other problem domains within the nation.
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Notation

The following symbols are used in this paper:
C = insurance compensation;
¢, = coefficient of variation;
D, = residential development progress for county y;
E;(k)=plan j’s reward when applying for plan k;
E(U,); = expected utility of plan j for resident i;
G = government reward,
I = income;
IR, = Roth Erev immediate reward for plan k;
i = resident index;
J = recovery plan index;
k = used recovery plan index;
m = insurance policy index;
n = insurance company index;
P = insurance premium;
pi = budget distribution for plan &, using Roth Erev model;
pr;=Roth Erev probability for plan j;
q; = Roth Erev propensity for plan j;
R = repair cost;
T = total taxes;
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t = time step;

y = county index;

Z = resident’s objective function;

€ = Roth Erev experimenting parameter; and
¢ = Roth Erev forgetting parameter.
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