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Multi-Agent Based Stochastic Dynamical Model to Measure
Community Resilience

Jaber Valinejad”®, Lamine Mili, and C. Natalie Van Der Wal

Abstract: Emergency services and utilities need appropriate planning tools to analyze and improve
infrastructure and community resilience to disasters. Recognized as a key metric of community resilience is
the social well-being of a community during a disaster, which is made up of mental and physical social health.
Other factors influencing community resilience directly or indirectly are emotional health, emergency services,
and the availability of critical infrastructures services, such as food, agriculture, water, transportation,
electric power, and communications system. It turns out that in computational social science literature dealing
with community resilience, the role of these critical infrastructures along with some important social
characteristics is not considered. To address these weaknesses, we develop a new multi-agent based stochastic
dynamical model, standardized by overview, design concepts, details, and decision (ODD+D) protocol and
derived from neuro-science, psychological and social sciences, to measure community resilience in terms of
mental and physical well-being. Using this model, we analyze the micro-macro level dependence between
the emergency services and power systems and social characteristics such as fear, risk perception, information-
seeking behaviour, cooperation, flexibility, empathy, and experience, in an artificial society. Furthermore,
we simulate this model in two case studies and show that a high level of flexibility, experience, and

cooperation enhances community resilience. Implications for both theory and practice are discussed.

Key words: community resilience; collective behavior; emergency services; power systems; critical
infrastructures; artificial society; overview, design concepts, details, and decision (ODD+D);

cyber-physical-social system

1 Introduction analyze and enhance community resilience to disasters.

. Specifically, the planning tools will allow the planners
To improve preparedness and reduce death tolls and P Y P v . P .
. ) to assess the level of resilience of the critical
physical losses, government agencies, emergency . . . .
infrastructures together with the social community that

they serve and, if that level is deemed to be insufficient,
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includes those inherent conditions that allow the
system to absorb impacts and cope with an event, as
well as post-event, adaptive processes that facilitate the
ability of the social system to re-organize, change,
learn in response to a threat.” This definition is the most
comprehensive one found in the literature. Braden!(?!
highlighted other interesting features of community
resilience, namely excess capacity, flexibility, confined
failure, prompt rebound, and unswerving learning.
Community affected by
infrastructures, mass media, and social features of the
community. Critical

resilience 1is critical

infrastructures are of high
importance for the well-being of a society*]. Among
them, power systems and the emergency services play
a pivotal role during a disaster, whether being induced
by natural, human, or economic stressorst* 1. Therefore,
a power system must be resilient to extreme events.
Indeed, the availability of electric energy has a physical
and emotional impact on a society, which consists of
residential, commercial, and industrial sectors. Its lack
can diminish physical social health due to a decrease in
economic welfare and in the availability of food, energy,
water, transportation, and medical services, to cite a few.
On-site electric generation can overcome power
outages and hence, is desirable for long-term social well-
being, especially during a disaster. Similar to power
systems,
mitigating the impact of a disaster on a society. When
equipped with the highest level of alert communication,

emergency services are instrumental in

this critical infrastructure is able to decrease the
physical and economic losses as well as the damage
incurred by society during extreme events. Furthermore,
emergency services can provide shelter, water,
medication, food, sanitation, and treatment assessment
to society during and after a disaster. The availability
of these services has a positive impact on social
physical health during a disaster(®. Therefore, we
propose

resilience.

the following definition of community

Definition: The resilience of a social community to a
class of disasters is defined as its ability to (1) survive
and reduce the death toll and the number of injured
people and fear, by sharing the scarce resources and
information still available, which is prompted by its
flexibility, compassionate empathy, cooperation, and
experience, and (2) initiate a rapid recovery by re-
organizing itself and reconstructing the damaged or

destroyed housing and infrastructures.

This definition is consistent with the one given by
Mili et al.l®l for a critical infrastructure, which is
viewed as a system of interconnected components or
agents achieving a common goal. Modeling critical
infrastructures along with their interdependencies and
the behavior of the social community they serve are
pivotal to disaster planning!”-8. Owing to the fact that
the well-being of a society is entwined with the
services provided by critical infrastructures, it is
important to model social behavior together with
critical infrastructures when studying community
resilience.

The development of computational models of the
collective behavior of humans is instrumental for a
variety of disciplines such as psychology, security
management, social science, and computer science
among others[® 10, In this paper, we model an artificial
society™ to evaluate community resilience. The history
of agent-based modeling started from the cellular
automata, checkerboard simulation, and game of life,
and developed into artificial life and artificial societies
in computational social science. Artificial society by
constructing parallel simulations of agents (at the micro
level) makes us be able to sociologically analyze the
system (at level) in
computational sociology and vice versal!l- 12, Currently,

the macro the form of
there are three distinct types of agent models applied in
artificial society: reactive, deliberative, and hybrid
agents[13]. Agent characteristics involve both mental
and  physical  aspects!!3.  Important  mental
characteristics for the agents in our artificial society are:
emotion, risk perception, information-seeking behavior,
cooperation, empathy, flexibility, and personal
characteristic such as optimism and experiencel2: 14-16],
Additionally, physical characteristics include the sense
of being safe and sheltered and having a hygienic
lifestyle to carry out physical activities and perform
social responsibilities{!’- 18], The dynamics of the agent
behaviors are affected by individual psychological
factors in addition to external events, i.e., power outages,
the news from the emergency services, and the mass
mediall®l. A variety of dynamic agent based models of
human behavior have been proposed in Refs. [10, 20].

Here, we propose an agent-based model of community

2 Using multi-agent based model for computational social science and
virtual experiments by means of computer simulation is referred to as an
artificial society.
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resilience, which consists of social physical and mental
well-being. The dependence amongst the social

physical and mental outside

determinants in our artificial society is displayed in

well-being and

Fig. 1. Interestingly, neuroscientists have discovered
the existence of a neural mechanism expressed by
mirror neurons in the brain that stimulates the
propagation of the same emotion, intentions, and
beliefs among a group of people. This is accounted for
by our proposed model, which makes it biologically
plausible. Note that in Ref. [19], it is reported that a
similar model has correctly predicted the behavior of
people trapped in a building under fire.

In this paper, we address the following questions: (1)
How do critical infrastructures and social characteristics
influence community resilience, and (2) How to
measure community resilience accordingly? To address
these questions, we develop a new stochastic model by
providing micro-macro level dependence in an artificial
society to evaluate the impact of human mental and
physical well-being characteristics and their effects on
human responses to disasters.

The key contributions of this work are as follows:

(1) Due to the significance of critical infrastructures
for achieving community resilience, we simulate
emergency services alongside the electric utility,

External influence

External influence ; — e

| Electricity from utility |

External influence T - 1 External influence
Emergency services

External influence

External influence I
|

Mass media |
[
[
[
Mental health Mental health
Fear Emotion Fear
Risk perception contagion Risk perception
Information-seeking Flexibilit Info@atlon—seekmg
Flexibility <IeXIDIY | | Flexibility
Empathy mirroring Empathy <
Cooperation . Cooperation
> |Experience Experience Experience-
l diffusion t t
Physical health| [nformation- | "Phrysical health
seeking
mirroring —
Distributed energy | | Ejectricit Distributed energy |||
resources sharing resources i
Agent 1 Agent 2

Fig. 1 Artificial society including agents and external
factors, i.e., critical infrastructures, power systems,
emergency services, and mass media. Critical infrastructures
influence both mental and physical well-being while mass
media only affects the mental well-being.
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on-site generation, and distributed energy resources in
an artificial society vulnerable to natural disasters.

(2) We model and investigate significant social
community characteristics, such as empathy, flexibility,
experience, and cooperation for sharing electricity
during disasters, that are not already covered in the
computational
systems literature.

(3) We create a mathematical description of the
numerous societal and individual elements. In addition,
by modeling each socio-technical element, we describe
the dependency between these variables as well as their

social science and socio-technical

dynamical evolution.

(4) We model emotion contagion, flexibility mirroring,
experience diffusion, and information-seeking behavior
mirroring by integrating social science theories and
computational social science in a multi-agent based
model.

The proposed model is standardized by the overview,
design concepts, details, and decision (ODD-+D)
protocol. In the appendix, an online link provides a
standardized form of the ODD+D protocol(!®: 211 for the
multi-agent based stochastic dynamical model to
measure community resilience. The proposed model is
useful for social behavior analysis and prediction and
for testing different scenarios that can occur in real-
world situations. The model provides the option of
modeling many different effects, which would be
costly and difficult to do with only experiments or
surveys. Finally, we simulate this model in two case
studies to understand (1)
community resilience and (2) the effects of emergency

individual effects on

services and electric energy availability on community
resilience. Specifically, in the first case study, a
community of nine persons facing a hurricane is
simulated to analyze the social effect of human
characteristics and critical infrastructures on community
resilience. In the second case study, a society of six
separate communities is simulated to analyze the social
effect of different community characteristics on mental
well-being, physical well-being,
resilience.

The remainder of this paper is organized as follows.
Section 2 explains which community resilience metrics

and community

were included in the model and on which scientific
evidence they are based. Section 3 proposes the formal
dynamic relations between the community resilience
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metrics, the modeling choices, and assumptions.
Section 4 discusses the simulation results associated
with case study 1. In Section 5, the simulation results
for a society with six different communities—each
with  different  population
characteristics—are discussed. Section 6 provides a
summary and discussion of this work.
The annotations used in the paper are as follows:

Mg : The level of fear of an individual i at the time ¢;

sizes and social

MZ: The level of risk perception of an individual i at
the time ¢;

M35: The level of information-seeking behavior of an
individual i at the time ¢

ME: The level of flexibility of an individual i at the
time ¢;

ME: The level of experience of an individual i at the
time f;

ME: The level of cooperation of an individual i at the
time ;

Mt(l.): The level of optimism of an individual i, which
is a personal characteristic, at the time ¢;

yfj: The level of compassionate empathy between
two individuals i and j at the time ¢;

yﬁ.: The level of information-seeking behavior
contagion between two individuals 7 and j at the time ¢;

yf;: The level of flexibility mirroring between two
individuals 7 and j at the time ¢;

yf].: The level of experience diffusion between two
individuals 7 and j at the time ¢;

P,;: The level of physical health of an individual i at
the time ¢;

S:: The level of social well-being of a community at
the time ¢;

Zi: The level of severity of the injury incurred by an
individual 7 facing a given disaster at the time ;

N;: The fraction of the event-related information of
the public news provided by the mass media (e.g.,
television, newspapers, and social networks) at the time

N;: The fraction of the information conveyed by the
mass media that are positive at the time ¢,

Q¢ The fraction of electricity that is available from
utilities to a costumer i at the time ¢;

QRER: The fraction of electricity that is available
from DERSs to an individual i at the time #;

WPER: The fraction of the total amount of electricity
consumed by an individual i that comes from DERs at

the time ¢;

07: The degree of help that an individual i gets from
emergency services during and after a disaster at the
time 7.

2  Community Resilience Metrics

We model macro-micro linkages and dependencies
between critical infrastructure and social characteristics
to examine community resilience. We follow the
generative social science approach of examining this
with artificial lifel'2]. We created our conceptual model,
as shown in Fig. 1, for our multi-agent based stochastic
dynamical model based on studying the literature from
neuroscience, psychological, and social science via
discussions with our colleagues in these fields. We will
have a detailed look at the dependencies between
infrastructure and social characteristics of communities.
In addition, in the simulation results, we will look for
emergent patterns that cannot be explained by the
individual rules of the agents. These aggregated effects
will help us to understand community resilience better.
By creating a model from the bottom up, we allow
ourselves to create more understanding of these
aggregated impacts.

Society is made of a set of communities, each of
which has a distinct population, geographic exposure to
a specific disaster, inter- and intra-community behavior
diffusion, and social well-being characteristics. From
studying the literature, we have found the following
social well-being characteristics to have an important
effect on community resilience: the level of fear,
information-seeking  behavior, risk  perception,
flexibility, cooperation, experience, willingness to
electricity during disaster, and physical
health(2 4. 14-18,22-31] Djsasters may strike a community,
both concurrently or at different times. When a hazard
occurs, it may affect more or less the emergency

share

services and the availability of electricity, depending
on its severityl®l. It also may raise the level of fear and,
in turn, it affects the risk perception of the individuals
of that communityl!3]. The model of the mental and
physical well-being of an individual during a hazard
accounts for their interdependence, the inter- and intra-
community diffusion, the mass media, and the severity
of the disasterl!3]. It allows us to measure the level of
the social well-being of each community and of the
whole society, that is, the degree of resilience of that
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society. We propose to use the resilience metrics
described next. Definition of the resilience metrics and
the meaning of their numerical values are provided in
Table 1.
modelled dynamically and explained in Section 3.

Their relations with each other will be

(1) Emotional intensity or fear (Mg ): Emotion as a
core characteristic of human psychological features
influences individual behavior and decision-making in
different situations(?32]. Emotion is envisaged as a
psychological bridge between individuals and their
environment. When a disaster strikes, the level of fear
of the individuals is raised. In turn, it may lead to
changes in attitude, interpersonal incompatibility,
unpredictable feelings, physical problems due to fear,
and so onl!4. The feeling of fear during disasters can
affect both the mental and physical health of a person.
Although fear has unpleasant consequences, it prompts
an individual to try to avoid further danger and therefore,
increases his/her chance to survive. The higher the
intensity of the emotion, the higher the level of fear and

Table 1

Journal of Social Computing, September 2022, 3(3): 262—286

negative emotions. The social well-being of a
community is highly dependent on the emotion of its
people. Besides, the amount of fear during a disaster is
influenced by the accessibility to electricity and
emergency services. There are three types of emotion,
which are individual disposition, mood, and acute
emotional response. The individual disposition—a
constant emotional feature of a person—can be positive
or negative. This feature is envisaged to be a
background to an individual perception and cognition(33].
The mood—different from the disposition—of a person
can involve a pleasant feeling (positive appraisal) or an
unpleasant feeling (negative appraisal). As for the acute
emotional response of an individual, it involves keen
feelings like fear, anger, liking, sadness, and joy!33l.
We have modeled the emotional intensity of fear as a
short term reaction to a particular environmental
condition. We have modelled it as a value between 0
and 1, O representing no fear and 1 maximum fear.
Note that the mood of a person is less intense than

Definition of the resilience metrics and the meaning of their numerical values. The social features for community

features are assumed to follow a Gaussian distribution with a mean over the interval [0, 1].

Resilience

No. . Definition Value ([0, 1])
metrics
1 E;;ZE:;:}?I The fear felt by an individual during a disaster 0 means no fear while 1 means the highest level of fear.

2 Risk perception

jeopardy
Information- The information that an agent seeks from his friends,
3 seeking the mass media, and the social networks when placed
behavior in a perilous situation

4 Flexibilit ..
exibility to the conditions

The ability of changing the view and opinion to adapt

The feeling that an agent perceives that he/she is in 0 means no risk perceived by an agent while 1 means the

highest level of perceived risk.

0 means no information sought by an agent while 1
means the highest level of information sought.

0 means no behavioral flexibility of an agent while 1
means the highest flexibility level.

5 Personal Accumulation of knowledge to achieve a broader 0 means the agent has no hazard-related experience
experience view of goal while 1 means the agent has the highest level.
Willingness to work unitedly on a particular number - .
. . . . 0 means the agent has no willingness to cooperate while
6 Cooperation of tasks by sharing resources, information, and .
. 1 means the agent has the highest level.
experience
The experience of other people’s emotion and 0 means there is no empathy between two agents while 1
7 Empathy . .
thoughts means there is the highest level of empathy.
Personal . S . . 0 means the agent is pessimistic while 1 means the agent
8 . The level of being optimistic during a disaster 8 P o g
characteristic 1s optimuistic.
Negative . . 0 means the related news are extremely negative while 1
9 g Disaster-related news from the mass media Y ree
related news means they are extremely positive.
Emergenc Treatment assessment, community vulnerability, . . .
g v .. Y . y 0 means the emergency services are not available while
10 services access to food, sanitation, shelter, water, medication, .
o 1 means they are completely available.
availability and health care
Electric utilit . .. s . . o L
. Y Supplying electricity to customers within their service 0 indicates that the electric utility cannot meet any
11 services . . .
o area demand while 1 indicates that it can meet all demands.
availability
On-site Small, grid-connected, or distribution system- - . .
. . . 0 means no distributed energy resources is available
12 generation  connected devices typically located near a load that

availability

can provide various types of energy

while 1 means they are completely available.
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his/her acute affective response. In addition, the level
of 0 for personal characteristic means the agent is
pessimistic while 1 means the agent is optimistic.

(2) Risk perception (MX): When an individual faces
a hazard, the level of risk perception of that individual
is raised. How an individual evaluates the severity of a
disaster influences his/her level of risk perception and
his/her behavior. The feeling of being in a dangerous
situation prompts people to take action to survive. Risk
perception includes three different intuitive biases
during a disaster, i.e., the perception of people that they
are in danger, the anchoring effect of the people toward
the probable occurrence of a given disaster, and the
between
according to their perceived risk!?2]. It is also important

way people communicate themselves
to note that awareness of the risk is an essential aspect
of risk perception, as it can influence epidemics such as
COVID-19. Furthermore, the larger the uncertainty that
a person has about a disaster, the higher the risk
perception that person has. Risk perception is
influenced by the culture, his/her previous hazard
experience, and the level of industrialization of society,
among others. For example, South Asia is exposed to
frequent tsunami disasters(!5), therefore, the risk
perception of the people in that region tends to be
biased toward that disaster. We have modelled it as a
value between 0 and 1, 0 means the agent does not feel
any risk and 1 means the highest level of perceived risk.

(3) Information-seeking behavior (Mg): People
tend to seek information on social network (like
Facebook and Twitter), fixed phones, mobile, or face to
face when a hazard happen in their community. In
addition, young people usually use social media to get
information(?3]. Information-seeking behavior during a
disaster may lead to a decrease in the level of fear and
uncertainties related to the situation. We have modelled
it as a value between 0 and 1, 0 means the agent does
not seek any information, and 1 means the highest level
of seeking information.

(4) Flexibility (M £ ): To create a chain of community
resilience, flexibility is one of the essential hallmarks
of a society facing unforeseen emergencies(?].
Flexibility is the willingness of a person to change
his/her view and opinion and adapt himself/herself to a
new status. When people do not have previous hazard
experience and face an emergency, flexibility can help

them and their community to survivel?*l. Flexibility

contributes to self-awareness and adaptation to new
situations in the most effective possible way. We have
modelled it as a value between 0 and 1, 0 means that
the agents are not flexible in terms of behavior, and 1
means the highest level of flexibility.

(5) Experience (MIL[) Constant learning and
experience are listed as key elements of the community
resilience chainl?. Personal experience is an
aggregation of knowledge for a broader view of goals
and tasks to achieve. Experience may enhance the
hazard preparedness of a community by increasing its
risk perceptions and skills to prevail in disaster(25],
Experience as a vital factor for hazard preparedness can
also be obtained by learning and educationB4l.
Learning and education are also useful to people who
do not have a previous disaster-related experience. We
have modelled it as a value between 0 and 1, 0 means
the agent does not have any hazard-related experience
and 1 means that the agent has the highest level of
experience.

(6) Cooperation (Mg) Cooperation is characterized
by the enthusiasm of individuals to work together on a
certain number of tasks and share resources, information,
and experience to reach a mutual objective. As a result,
effects
collaboration. The full effect of collaboration is more
than the sum of its part according to a synergistic effect.

Cooperation can be considered at different levels of

there are multiple resulting from the

society, including individual, organization, and national
levels. Cooperation as a pivotal element for disaster
management can lead to enhanced social integration
and unity during disaster(26l. More than 400 studies in
biology show that our world is based on cooperation
competition. principle of
“survival of the strongest” is therefore invalid since

rather than Darwin’s
cooperation and solidarity are at the root of the survival
of the society as emphasized by Braden!2l. Decisions
made by people leading to actions that result in an
increase in losses and delay in the rebuilding of the
community are some of the unpleasant consequences of
the lack of cooperation in society. On the other hand,
decisions made by people leading to actions such as
sharing electricity, water, shelter, and transportation
can help them to overcome adversity!2’l. Cooperation at
all levels is instrumental in disaster management and
preparedness since, without it, resources such as
electricity, communications, transpiration, and water
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infrastructures may not be available on a large scale.
We have modelled it as a value between 0 and 1, 0
means the agent does not have any willingness to
cooperate, and 1 means the highest level of cooperation
the agent has.

(7) Empathy (yg) Empathy is the experience of
knowing how other individuals think or feel during an
event. Empathy can provoke emotional contagion
among people, especially when a disaster occurs(28]. In
other words, the positive emotion of some individuals
can transfer to those who experience a negative
emotion like fear. Although empathy is not only
limited to emotion, it may influence the level of
collaboration among people: the more empathy, the
more emotional resilient the society will bell6l. There
are three different types of empathy, which are cognitive,
empathy. In the

emotional, and compassionate

proposed empathy is

considered. During Hurricane Harvey which occurred

structure, compassionate
in 2017, people were empathetic to their neighbors,
which resulted in a great deal of help that they have
been providing to each other. Furthermore, they have
been cooperating with each other during the disaster.
Obviously, as the number of people who cooperate
with each other increases, their strength increases, too.
Besides, vulnerable people such as the children and the
elderly, need to be supported when struggling with
dangerous situations during a disaster.Y We have
modelled it as a value between 0 and 1, 0 means there
is no compassionate empathy between two agents, and
1 means the highest level of empathy exist.

(8) Level of impact of the news from the mass
media (N;): News from the mass media (N;) (like
Facebook, Twitter, TV, etc.) has different patterns
according to the kind of disaster considered(3¢-37],
Natural and sudden disasters (tsunami and explosions)
are modeled using damped exponential probability
distribution (N, = e™"). Gradually events like hurricane
and social ,
probability distribution (N, = e=(“F))31,

(9) Level of impact of the emergency management

crisis are modeled using a normal

§Goleman defined cognitive empathy as follows: “simply knowing how
the other person feels and what they might be thinking. Sometimes
called perspective-taking”35). He also defined emotional empathy as
follows: “ when you feel physically along with the other person, as
though their emotions were contagious”, and compassionate empathy as
follows: “with this kind of empathy we not only understand a person’s
predicament and feel with them, but are spontaneously moved to help, if
needed”.

Journal of Social Computing, September 2022, 3(3): 262—286

services: The emergency services play a key role in
mitigating the impact of abrupt and unexpected
extreme events. They can contribute to a decrease in
the number of injuries and the amount of damage
incurred by a community infrastructure, shield the
environment of a community, speed up the resumption
of ordinary life, and help the businesses serving a
community to resume their activities?’. While the
stress and fear of a community resulting from a hazard
can result in immense losses, the duty of the emergency
services is to control the situation by many necessary
actions taken before, during, and after the occurrence
of a disasterl38.391 = For instance, pre-planning and
preparedness to support a community facing a disaster
is crucial. The cost of performing resilience planning is
much smaller than the losses incurred by a community
during disasters.

(10) Level of impact of the energy on human well-
being: The eradication of poverty is considered the
most critical challenge in the world[#%]. According to Ref.
[41], the worse type of poverty is the scarcity of energy.
For example, scarcity of fuel may lead to acute
physical and mental problems. By contrast, when
people have ample access to energy, they feel less
anxious, sleep better, and have enhanced physical and
mental well-being. A society without energy, on the
other hand, may suffer from cold weather during winter
and endure more stress in daily life, contributing to a
decrease in social well-being. In fact, without energy,
there is no economic wealth, health, opportunity, and
mobility in society. Ortiz et al.[*l discussed the nexus
among health, comfort, and energy by considering
human behavioral features, including habit and
controllability, to achieve homeostasis (comfort, less
stress). Understandably,
inconvenience and unfavorable experiences resulting

individuals eschew
from the lack of energyl42 431,

As the most crucial energy career, electricity is
necessary for streetlights, education, health, modern
community, and so forth[*431  For this purpose,
Ahmad et al.[4¢] studied the effect of the availability of
electricity on two human well-being attributes, namely
health and education. They showed that the community
well-being is highly tied to the accessibility of electricity.
As a result, establishing on-site generation and locally
shared electricity is of high importance.

(11) Level of impact of on-site generation and
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distributed energy resources:
Earthquake affected the power system, the gas supply
infrastructure, the customer facilities, the train service,

Great East Japan

the traffic signals, and so on. The recovery process of
the power system took about 1 to 2 yearsB!l. Although
Great East Japan
Earthquake contributed to a number of damages and

damages resulting from the
losses in Japan, there are some positive points resulting
from this disaster. For instance, at Roppongi Hills in
Tokyo, a set of offices, restaurants, and residential
spaces are supplied in energy by an on-site natural gas-
fired turbine generator, a steam turbine generator, an
absorption chiller, an exhaust hear boiler, and a steam
boiler that worked well during that disaster.

3 Modeling the Social Well-Being of a
Community During a Disaster

The social well-being of a community is highly
contingent on the individual well-being, which is
characterized by mental and physical aspects that
influence each other!!7].

Computational behavior models are based on a
variety of theories such as the broad-and-build theory,
the upward and downward spirals, the behavioral
approach system, Damasio’s somatic marker hypothesis,
the ripple theory, the behavioral inhibition system, the
sensation seeking, the uncertainty reduction theory, and
the absorption and amplification theory from social
neuroscience and biology(3347- 48],

Figure 2 depicts the proposed model for power system,
emergency services, and human (agent) response to a
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disaster as a system dynamic model. To model
collective social behavior, especially during a disaster,
like empathy,

experience, flexibility, information-seeking behavior,

vital characteristics cooperation,
emotion, perception of risk, openness, channel strength,
and extraversion must be considered(? 4. 14-18,20,22-31,49]
Each of them has a notable role in community resilience.
Each of these features influences each other directly or
indirectly. As an example, Damasio’ somatic marker
hypothesis assumes that emotion and information-
seeking behavior influence each other39. As another
example, based on broaden-and-build theory, positive
emotion broadens thought-action behavior, as well as
cognition and vice versal*8l. In addition, each of these
collective behaviors can be investigated through
various computational perspectives®!l,

To model group emotion, Barsade and Gibson in Ref.
[33] developed two different theoretical approaches
that complement each other while embracing the top-
down as well as the bottom-up approach. Furthermore,
in the ripple effect theory initiated by Bosse et al.[47],
group emotion empathy, propagation of moods among
agents within the group, and group emotion dynamics
were investigated by estimating mood, agents’ attitudes,
behavior, and group-level dynamics. One question that
is pivotal to social emotion is the following: How do
positive and negative emotions impact agent behavior.
The broaden-and-build method based on Fredrickson
and Joiner’s theoryl*8] provided an answer to this
question. According to this theory, negative emotion
restricts an individual’s thoughts and actions while

Disaster severity
PhyS|caI health

Availablity of

AnX|ety/fear emergency services ~

fou3|on Electric utility
Availablity of +
electrcity
K\ Distributed energy
+ +resources/m|cro grids
+ Cooperatlon

Fig. 2 System dynamical model of power system, emergency services and human (agent) response to a disaster. It is worth

noting that social networks contain a large number of agents who influence one another through social behavioral diffusion.
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positive emotion broadens the set of thoughts and
actions of people. On the other hand, joy prompts a
feeling to play, contributing to physical, socio-emotional,
and intellectual resources (skills) so that they lead to
brain development.

In this model, all mental and physical characteristics
are assumed to be Gaussian random variables, as most
psychological variables are approximately normally
distributed2.
community behavior diffusion is assumed to be

Similarly, the level of inter- and intra-

Gaussian variables!!3]. Given the mean and the standard
deviation of each of these random variables and the
population size, samples are generated via Monte Carlo
(MC)
provided next.

simulations. Their dynamical models are

3.1 Human psychological dynamic modeling

A stochastic of the
incremental changes of the mental well-being during

multi-agent based model
the disaster of six human psychological features is
developed. These features are emotion, risk perception,
information-seeking behavior, flexibility, cooperation,
and experience, which are influenced by empathy.
They determine the mental well-being, one of the
factors that characterize community resilience. In this
model, mental well-being and fear are opposite factors
in that the more fear, the less mental well-being, and
vice versa.
(1) Emotion dynamic modeling: The emotion
incremental change A(MZ) is governed by
AM) =y (F(ME M) = M)A M

1>

where y* denotes the speed of dynamic change related
to emotion and M? denotes the amount of emotion of
an agent influenced by the emotion of other agents
within a group (inter-agents impact) and other features
of an agent (intra-agent impact)[20l. Let yfj denote the
compassionate empathy between two agents, which
takes values between 0 and 1 (0 meaning no empathy,
and 1 maximum empathy), and let y% denote the level
of emotional susceptibility of the agent from its network,
which is expressed as

Z 7/E ME
E _
Vi = Z vE
J

2
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This parameter is dependent on factors like the
expression and openness to
receiving emotion and the strength of the channel

sender’s emotional
between the sender and the receiver. The strength of
the emotional channel is dependent on the distance, the
attachment, the directness of the emotion contagion
(direct or indirect), and the relationship between them
as indicated in Ref. [53].

Let f(ME, ME) denote the amount of the impression
of the inter- and intra-agent factors through the
absorption and amplification model. It is expressed as

FME ME) =nF]

2

MR- -ME(1 - ME))+
(I-MOYMEMDI+ (-5 ME - (3)

where nf is the parameter that accounts for the pace of
emotional change. Here, the first term [Mg(l —(1-

MEY1 - ME) +(1 - MRYMEME)) is  akin to  the
ampllﬁcatlon model while the second term Mf is
related to the absorption model. According to
Fredrickson, also known as the broaden-and-build
theoryl#8: 331 the first term of the amplification model is
associated with a positive effect while the second term
is associated with a negative effect. In the latter model,
the bottom-up concept is used. This implies that the
group emotion is equal to the sum of the emotions of
the individuals of that group. It is influenced by the
homogeneity and the heterogeneity as well as by the
mean emotion of the group individuals. The absorption
model can be used if there is no external event or
catastrophe. On the other hand, the amplification model,
which includes upward and downward emotional spirals,
can be used as a model when there is a sudden event,
i.e., a disaster striking the group. In this situation,
factors outside the group affect the emotion of the group.
In this case, the community resilience planner may use
both models.

The level of fear of an individual Mf is expressed as

Z,YEME
ME = +wBEN,(1 - NHYMB+

ti Z ¥

wFE(L = ME)+ WEEQ - MS)+

WEE(L = MP)(1 - ME) + WPE(L = Py) + WMEN!
4
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It is influenced by the emotion of the other agents
LM
given by |wFfE , her/his

Zn,

seeking behavior glven by (WEEN,(1-N}HME)H,

information-

her/his flexibility (w"#(1-MZF)), her/his cooperation
given by (WCE(1 - M$))4, and her/his experience and
learning process given by (WXE(1—M2)(1-M5)15l.
The effect of flexibility on the fear of an individual was
investigated by Thayer et al.l5%] In addition to the inter-
and intra-agent psychological factors, the level of fear
is contingent on the agent’s physical health given by
(WPE(1 - P;))171 and outside factors, i.e., social media
given by (WMEN")[15,56,57],

(2) Risk perception dynamic modeling: The risk
perception incremental change A(M¥) is governed by

1

R\ _ /R _ R .
A =6+ A=t — o

(1= Pa)(1 =MD = M1 = M)

(1= M)A = N;p) = M)At (5)
It is affected by the flexibility, the learning process, the
experience, the cooperation, the information-seeking
behavior, the physical health, and the motion of the
individual. If the emotion (M%) is lower than the fear or
the threshold (¢f), it has no impact on the risk
perception*]. The index N, indicates the characteristic
of the news, which takes values between 0 and 1 (0
meaning negative news and 1 meaning positive news).
The lower the value of that index, the lower the
perception of risk will be. According to the narrowing
hypothesis  of  Fredrickson’s  broaden-and-build
theoryl!], the factor [(1-N})—ME] measures the
tendency of the risk perception to be more or less positive.
Regarding the relation between the risk perception and
the cooperation among individuals, it was discussed in
Ref. [58] while the relation between the risk perception
and the experience was investigated in Ref. [59]. As for
the relationship between the risk perception and the
flexibility, it was analyzed in Ref. [60]. Finally, the
relation between the risk perception and the physical
health was discussed in Ref. [18].

(3) Information-seeking behavior dynamic
modeling: The information behavior incremental
change A(M%) is governed by

AM;) =y (f(M M)~ M)A (6)
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where y? denotes the speed of the incremental change
related to the information-seeking behavior and M2
denotes the amount of the information of an agent
influenced by other agents within the group (inter-
agents impact) and other features of the agent (intra-
agentimpact). Let 71 -denote the strength of information-
seeking behavior contagion, which takes values
between 0 and 1 (0 meaning no contagion, 1 meaning
maximum contagion), and let ¥? denote the level of
informational susceptibility of the agent from its
network, which is defined as

Zvﬁ
B _
Vi = ZVU

Let f(ME,ME) denote the amount of the impact of
inter- and intra-agent factors through the absorption

(7

and amplification model on the information-seeking
behavior. It is defined as

SO M) =nP M = (1= M)(1 = M)+
(1= MOMEMDI+ (="M (®)

where n? is the parameter to control the pace of

information-seeking behavior change and where Mg is

2.
ME =wBB

ti Z ¥

wEB (1 = ME) + wypN' 9)

expressed as

It is influenced by the information- seekmg behavior of

Zvn,
Zm

learning process and experlence given by (w'8ML), and

other agents givenby | w? ,theindividual’s

the mass media given by (wypN'). The relationship
between the information-seeking behavior and the
learning process and experience was discussed in Refs.
[61, 62]. Gao and Liul’*! and Robson and Robinson[®3]
discussed the relation between the information-seeking
behavior and the mass media.

(4) Flexibility dynamic modeling: The flexibility
incremental change A(MY) is governed by

AM M (F(IE MEY— MDAt (10)

n’

where yMrf denotes the speed of the incremental change



272

related to the flexibility and 1\7[5 denotes the amount of
the flexibility of an agent, which is influenced by that
of the other agents within the group (inter-agents impact)
and other features of the agent (intra-agent impact). Let
yf.; denote the strength of flexibility mirroring, which
takes values between 0 and 1 (0 meaning no mirroring
and 1 meaning maximum mirroring) and let ¥ be the
level of flexibility susceptibility of the agent from its
network, which is defined as

Z,)/FMF
75 - 275
J

Let f(Mtf , ML) denote the level of the impact of the
inter- and intra-agent factors through the absorption

and amplification model on the flexibility, which is
expressed as

SO, M) =n" IME(1 = (1 = M)(1 = M)+
(A =MHMGMDI+( ="M (12)
Let M I denote the level of flexibility of an individual.
It is defined as
(2

F
ti Z ¥

WEFM?(l - ME)y+wCF(1-M5) (13)
It is influenced by the level of information of the other

ZYZ
Z Yij

level of fear given by (wEF MO(1-

(11)

FF

agents given by |[w , the individual’s

ME)), and level of

cooperation given by (wf(1 - M?y)). Hollenstein and
Lewis[® and Southward and Cheavens!63] investigated
the effect that the emotion has on the flexibility while
Allwood!0]
flexibility and the cooperation.

(5) Cooperation characteristic dynamic modeling:
The cooperation characteristic incremental change
A(MY) is governed by

analyzed the relation between the

1
Cy _/.C _.C [
rAMy;) = +(1 -1 )Nt)(He_(,c(Mg_(ﬁE))

MEPIMIME — ME) (14)
It is affected by the emotional intensity, the flexibility,
and the physical health of an individual. Here, the
factor [MYMB-MC] denotes the tendency of the
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cooperation characteristic toward positive or negative
information according to the narrowing hypothesis of
broaden-and-build  theory.  The
relationship between the emotional intensity and the

Fredrickson’s

cooperation among the individuals of a group was
discussed in Ref. [54].
flexibility and cooperation was discussed in Ref. [66].
The relation between cooperation and physical health
was provided in Ref. [67]. According to Ref. [68],
social media influences the level of cooperation among
the individuals of a group.

The relationship between

(6) Personal experience dynamic modeling: The
personal experience incremental change A(M%)is
governed by

) = y(f(My7, M) = M)At (15)
where y& denotes the speed of the personal experience
incremental change and MtLl. denotes the amount of the
experience of an individual that is influenced by the
experience of the other agents within the group (inter-
agents impact) and the other features of an agent (intra-
agent impact), and where y% is the level of learning

susceptibility of the agent from its network given by

R
V=t
S
J

where yiLj denote the strength of the experience diffusion,

(16)

which takes values between 0 and 1 (0 meaning no
diffusion and 1 meaning maximum diffusion).

Let f(ML, ML) denote the amount of the impact of the
inter- and intra-agent factors through the absorption
and amplification model on the learning process. It is
expressed as

FME, ML) =nt M

mn’

R =1 =MEH(1 - Mh))+

(A =MHMEMD+ (- (17)
where ML denotes the level of flexibility of an
individual, which is defined as

Z YiiM,
Z Yiij

wEEMS +wMEN, (18)

It is influenced by the experience of other agents given
LygL
Z%‘ jM

by [wit|L———]| the

S
J

ME =w* +wBEMEN+

individual’s level of
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information-seeking behavior given by (wELMEN,),
level of cooperation given by (wC*M¢), and the mass
media given by (WMLN;). The relationship between the
experience and the information-seeking behavior was
discussed in Ref. [69]. The relationship between the
experience and the cooperation behavior was discussed
in Ref. [70]. The relationship between the experience
and the mass media was analyzed in Ref. [71].

3.2 Human physical health dynamic modeling

Two resources for electricity are considered in the
suggested multi-agent based model. The electric
utilities as primary resources supply electricity to the
communities. Nonetheless,
lose their availability of electricity from utilities during
extreme hazards. Therefore, it is assumed that some

some communities may

agents own distributed energy resources, which are
useful resources that will enhance the community
resilience during a disaster. In addition, these agents
may be willing to share their electricity with people
who do not have electricity. The latter is highly
contingent on the level of cooperation of these agents.
As declared in the previous parts, the level of
cooperation is affected by psychological features like
mental well-being, flexibility, and
availability of electricity influences the physical health
of the agents and society through various kinds of
disasters. Furthermore, the availability of emergency
services affects the physical well-being of a community.

(1) Sharing distributed energy resources: The

so on. The

distributed energy resources sharing incremental
change is governed by
A(QPER) = yDER(DER _ ODER) A (19)

where y?ER denotes the speed of the incremental
change of the distributed energy resources sharing,
which is given by

Z DER MC DER

tt/

J
Vi k= (20)

DM
7

where yF® denotes the level of empathy between two

agents willing to share electricity.

This electricity sharing also depends on the level of
cooperation of agents.

(2) Available electricity during a disaster: Let O,
denote the amount of electricity supplied by the power
grid and that shared by the DERs during a disaster. It is

Multi-Agent Based Stochastic Dynamical Model to Measure Community Resilience 273

given by

DER DER
Qtt Wl ti

+(1-WwPEHQL 1)

(3) Human physical health dynamical modeling:
The incremental change of the physical health A(Py;) is
given by

APy =pP | —————— |
( tl) n (1+ —O'C(Mg—(ﬁE))

(1 =ME(A = (1= Q%) (1 = O5))Zi) — Pi)At

(22)
It is a function of the availability of emergency services,
the availability of electricity, and the injury factor of a
disaster. Different hazards have different injury factors,
which express the following fact: the more extreme the
hazard is, the more injury factor will be.

3.3 Social well-being modeling

Social well-being for a society encompasses both social
mental well-being and social physical well-being.
Understandably, social well-being is formed by a set of
individual well-being. It is given by

Zn (1-M Z(l—n Py
Si= + (23)

Zi:l >

i

The first term is related to the social mental well-being
while the second term is associated with the social
physical well-being. As for n¥, it is a mental well-
being coefficient.

Remark: Equations (1)—(3) and (6)—(8) are derived
from Refs. [15,20]. Equations (4), (5), and (9) are
modified on the basis of the equations stated in Refs.
[15, 20]. Equations (10)—(15) are proposed in this paper
and used in the new stochastic multi-agent-based model.

4 Simulation Results for Case Study 1:
Community of Nine Agents Facing a
Hurricane

This section provides an analysis of the proposed

dynamical model of a community of agents
experiencing a hurricane. Specifically, the dynamic
changes in the mental and physical characteristics of

the agents are assessed.

4.1 Soft validation of the proposed stochastic multi-
agent based modelling

At this step, a soft validation is done. We investigate if
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the intended patterns/social phenomena from the real
world can be simulated with the proposed model. After
verification, we pinpoint and analyze the emergent
effects that result from the social interactions using
multi-agent based modeling. These emergent effects
cannot be predicted from the individual agent rules and
will give us valuable data to learn from. Our
computational model is verified by case study 1 which
is taken from Ref. [20]. Specifically, we will verify if
information-seeking behavior, the emotion of fear, and
bias show expected patterns, similar to Ref. [20]. When
soft validation is successful, the model is extended with:
mental resilient-related characteristics, the physical well-
being of agents, and critical infrastructures, including
emergency services and the power grid. The aim is to
analyze the effects of all these characteristics and
influences on collective behavior and community
resilience.

This community consists of three areas. Each area
involves three individuals empathetic to each other.
The individuals of each area do not have any
communication with those of another area.

The parameter setting of the models of the mental
and physical characteristics of consumers and
prosumers™ , mass media, emergency services, and
electric grid is assumed to take a value in the interval
[0, 1](201. The initial values of M%, MR, M5, MS, MO,
Mﬁ, and Qf are assumed to be 0.5 (It means the
medium level of each of these features). N, is assumed
to be 0 (it means there is no positive news). Other
parameters are assumed to be equal to 1. The electricity
consumption of each individual is assumed to be
1 kW-h of which 0.8 kW-h is supplied by utilities
through distribution power lines and 0.2 kW-h is
supplied by distributed energy resources (DERs),
photovoltaics (PVs), and wind turbines to name a few.
Furthermore, the fraction of electricity WPER that the
DERs supply for each individual is set to 0.2.

4.2 Validation process with real datasets

We explore and suggest the following social indicators
for assessing community resilience: mental health,
physical health, risk perception, information-seeking
behavior, flexibility,
Measuring these characteristics during a disaster can be
difficult. Psychologists and researchers in conventional

cooperation, and learning.

T Consumers are agents who do not have distributed energy resources,
while prosumers are agents who own distributed energy resources.
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social science typically use surveys to assess social
behavior. However, surveys have several disadvantages,
such as high cost, limited sample size, and the
possibility of response bias. To overcome these
obstacles, we can use various social sensing tools, such
as Twitter, Facebook, and GoogleTrends, to quantify
and assess social behaviors and responses!’?l. In
contemporary social science, we can evaluate and
analyze text, such as tweets, from a social and
phycological perspective using the phycological
of the and natural
processing(73]. For social sensing tools, we use Twitter
and GoogleTrends. To ascertain the community’s
social behavior during a disaster, we collected two

meaning words language

samples of tweets from hurricanes Irma and Harvey
(275 000 and 212 000 IDs). Additionally, we used
GoogleTrends to identify information-seeking behavior
associated with these occurrences. We measure each
feature of social resilience using the Linguistic Inquiry
and Word Count (LIWC) as a text-mining tool. In
addition, the process of social behavior validation was
explained in Ref. [11] in summary.

4.3 Effects of flexibility on human responses

First, we will examine the effects of flexibility on
community resilience. Figure 3 displays dynamic
changes in fear, information-seeking behavior, and risk
perception as a result of the changes in individuals’
flexibility. These patterns are consistent with the
discussions given in Refs. [15,55, 60, 64-66].

Flexibility has a direct effect on emotion and risk
perception, while it has an indirect impact on
information-seeking behavior. It is obvious that when
the flexibility increases (from (M* = 0) to (MF =0.5) to
(MF = 1)), individuals demonstrate a lower level of fear.
More flexible people are able to more thoroughly
evaluate their emotions so that, consequently, the level
of fear and depression is decreased. Negative affectst,
like the feeling of fear, make a person less flexible in
interpersonal cognition and expressive behavior.
Conlflict is caused in discussions among startled people.
In other words, flexibility is diminished among these
individuals. In contrast, a high level of flexibility and a
low level of fear decrease the perceived risk of agents
during a disaster. As a result, information-seeking
behavior which is profoundly entwined with risk

1 In social science, emotion and affect are considered to be similar
words to each agent’s response to feelings[33].
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Fig. 3 Effects of flexibility on collective behavior and mental characteristics. The dynamic change of emotion, information-
seeking behavior, risk perception, and flexibility of all agents are shown. Results are provided for three different initial values
of flexibility (0, 0.5, and 1). The time duration of the dynamic evolution is 300 time steps.

perception is reduced.

Conversely, the feeling of fear causes people to be
flexible if they are optimistic. That is why flexibility is
increased at the beginning of the event when M' = 0.
Because all of the individuals in the community
mentioned above are optimistic, they tend to be more
flexible during the first time interval. In general,
positive features can disguise a person’s behavioral
drawbacks. Since the news from the mass media is
often related and stressful, the average emotional
changes increase over time, no matter how much
flexibility there is. Correspondingly, the level of risk
perception and information-seeking behavior of agents
will increase.

4.4 Effects of cooperation and experience on
human responses

Figure 4 presents changes in fear, information-seeking
behavior, risk perception, and flexibility with respect to
changes in the cooperation and experience of individuals.
Three different examples are provided. In Example 1,
although people are willing to cooperate, they do not
have previous experience with the disaster. In Example
2, both ML and MC are equal to 0.5 while they are
equal to 1 in Example 3. These patterns are consistent
with the discussions given in Refs. [54, 58, 6668, 70].

In Examples 1 and 3, when MY = 1, a high level of
cooperation and optimism lead to a low level of fear
such that the fear is lower than the fear threshold. In
Example 3, since the agents have a high level of
cooperation and experience, they do not feel a need to
seek new information. Additionally, individuals are
more flexible than the individuals in Examples 1 and 2.
In Examples 1 and 3, because of the low level of fear,
the level of risk perception and cooperation among
agents do not show substantial variations. The level of
experience of the agents in Example 1 is higher than
that in Example 2, resulting from higher levels of
cooperation among individuals. Risk perception and
individuals’ information-seeking behavior hinge upon
cooperation. In perilous circumstances, agencies raise
public risk perception to levels that exceed what
individuals experience privately. According to Ref. [58],
the obstacles to private-private cooperation are more
than those that individuals experience with private-
public cooperation.

4.5 Effects of cooperation on electric energy sharing

To investigate the effect of the level of cooperation on
electricity sharing, the availability of electricity from
distributed energy resources for three agents within
each area is assumed to be 0, 0.5, and 1, respectively.
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Fig. 4 Effects of different initial values of cooperation and experience on the dynamic change of the collective mental behavior

in the homogeneous community. Black lines are related to individuals who are well-experienced and enthusiastic to cooperate.

Grey lines are related to individuals who are not interested in cooperating at all. Purple lines are related to individuals who are

only partially experienced with average or low levels of enthusiasm to cooperate.

The results are provided for two different levels of
cooperation in Figs. Sand 6 . These patterns are
emergent effects, which can not be predicted from the
individual rules, that give in sight into the behavior of
the people. According to these results, when people
have a high level of cooperation, they share their
electricity sooner than when they have a low level of
cooperation. Consequently, they have a higher level of
physical health when M¢ =0.9. Furthermore, with a
high level of cooperation and physical health, people
experience less fear. As a result, the level of perceived
risk and information-seeking behavior among agents is
decreased compared to when M€ =0.2. However, the
level of fear climbs with time as a result of relevant
negative news from the mass media. Thus, when
M€ =0.9, the level of flexibility drops after its initial
growth. These factors make the average cooperation
lower over time. In addition, a society with more

cooperation has a higher level of physical and mental
well-being and community resilience (social well-being)
when there are both prosumers and consumers in the
community. Note that both cooperative and selfish
behavior among individuals is assumed to be epidemic.
Furthermore, cooperation is of high importance for a
successful society in both fixed (static) social networks
and fluid (dynamic) social networks. The social
diffusion of cooperation exists in both kinds of networks.
4.6 Importance of emergency services, the injury

factor of a disaster, and news polarity on
physical and emotional well-being

In this section, we simulate 4 examples whose results
aredepictedinFigs.7 and & InExample 1, M5 =1, Z=0.1,
and N* =0. In Example 2, M* is assumed to be 0.1 for
time stamps from 100 to 300. In Example 3, to show
the effect of the injury factor of disaster, Z is 0.9. In
Example 4, to present the effect of news polarity, N* is
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0.9. These patterns are emergent effects provided by
the model outcomes, which cannot be predicted from
the individual rules, but that provide information about
the behavior of the people.

In Example 2, because of the disaster, a lack of
appropriate emergency infrastructure, the destruction of
part of the emergency facilities during an event, and a
shortage of emergency staff since time step 100,
emergency services cannot effectively perform their
function. When the information provided by the
emergency services decreases, the average physical
health of individuals sharply declines. Therefore, the
agents’ level of fear increases from time step 100 on, and,
in turn, risk perception and information-seeking
behavior increase. As a consequence, individuals
obtain more experience and become more flexible
compared to when emergency services are sufficiently
available. In Example 3, when the injury factor of
disaster is very high with a value of 0.9, the physical
health of individuals is dramatically lower. This case is
similar to Example 2 in that the trends of fear,
information-seeking behavior, and risk perception are
similar. Note that the human response in Example 3
changes more quickly than in Example 2. In addition,
due to the high level of community fear, the level of
cooperation among individuals grows. In Example 4,
the news from the mass media is positive with a value
of 0.9, and the levels of fear, perceived risk, and
information-seeking drop. For this example, the
community obtains less experience as compared to
Examples 1-3. Furthermore, when people are threatened,
they tend to be more flexible.

5 Simulation Results for Case Study 2:
Society of Six Separate Communities

This case study aims to clarify social effect of the
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diversified community on its social well-being and
community resilience during and after a disaster. The
parameter setting for the mental and physical
characteristics, population, and electric grid related to
each community are provided in Table 2. The level of
intra- and inter-community empathy is shown in Table 3.
It is found that Communities 1 and 2 are extremely close-
knit. As a result, empathy among these communities is
assumed to follow the Gaussian distribution N(0.9,0.12).
Regarding the other communities, it is assumed that
there is no empathy among them. There is related
negative news released in all communities within the
time interval [250, 300].

(1) Effects of the occurrence of a disaster on
human response

Each disaster can be modeled with the distinct
characteristics of Z, Q°, Q¢, and M¢. In Example 1, the
disaster only occurs in Community 1. The injury factor
of the disaster is assumed to follow the Gaussian
distribution N(0.9,0.1%). Because of severe hazards, the
services and the power

emergency utility are

inaccessible in Community 1, but the individuals in this
community can still utilize on-site generation. QDER
follows the Gaussian distribution N(0.5,0.1%). In other
communities, Qf, 0%, and QPR follow the Gaussian
distribution N(0.9,0.1%), while Z is assumed to follow
the Gaussian distribution N(0.01,0.012). In addition, N;"
in all communities follows the Gaussian distribution
N(0.5,0.1%). Figures 9and 10

dynamic change of collective behavior and community

show the average

resilience for the six communities during a disaster.
These collective behaviors are emergent effects, which
cannot be predicted from the individual agent rules
because they result from the interactions between
people and communities. What can be learned from

Table 2 Parameter settings for the community characteristic of the second case study, i.e., the society of six separate

communities, where C; means community i (i € 1, 2, 3, 4, 5, 6).

Parameter Cy Cy C3, Cy4, Cs, and Cq
MR N(0.8,0.1%) N(0.7,0.1%) N(0.1,0.1%)
MB N(0.8,0.1%) N(0.7,0.1%) N(0.1,0.1%)
ME N(0.98,0.022) N(0.1,0.12) N(0.1,0.12)
Mk N(0.5,0.1%) N(0.5,0.1%) N(0.5,0.1%)
ME N(0.5,0.1%) N(0.5,0.1%) N(0.5,0.1%)
MS N(0.5,0.12) N(0.5,0.12) N(0.5,0.12)
Py N(0.5,0.1%) N(0.98,0.022) N(0.98,0.022)

Population 150

250 135, 450, 500, and 120
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Table 3 Levels of intra- and inter-communities empathy.

Community Cy Cy Ci (ie3,4.5,6)
C N(0.9,0.12)  N(0.9,0.1%) -
C, N(0.9,0.1%)  N(0.9,0.1%) -
Ci(ie3,4,5.6) - - N(0.9,0.1%)

these emergent effects is that when a disaster strikes
one community and there is another community that is
empathetic to the former, the changes in the mental
characteristics in these two communities are roughly
the same.

In Community 1, because of a high level of the injury
factor, the lack of emergency services, and electric
energy availability from the power grid, a high level of
fear and low level of physical health occur. The level
of fear in this community is higher than that of other
communities. Because Community 2 has a close
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relationship with Community 1, their levels of fear are
intertwined. As a result, these two communities have a
close level of risk perception and information-seeking
behavior. Other mental characteristics in these two
communities are approximately the same. Community
2 shares its electric energy with Community 1. Hence,
the availability of electric energy in the latter is increased.
Owing to the fact that the disaster happened in
Community 1 and not in Community 2 and due to the
higher level of availability of electric energy and
emergency services, the physical health of Community
2 is not as endangered as in Community 1. Therefore,
people in Community 2 are safe. Furthermore, because
of the positive emotion of Community 2 and the high
level of empathy between both communities, fear in
Community 1 is lowered until time step 2. The feeling
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Fig. 9 Dynamic change of information-seeking behavior, risk perception, flexibility, cooperation, experience, and the

availability of the electricity supplied by DERs for six communities. The disaster occurs in Community 1. Because

Communities 2 and 1 are empathetic to each other, the disaster influences the mental characteristics of individuals in
Community 2. In addition, other communities are not empathetic at all.
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Fig. 10 Trends of the availability of electricity, physical health, mental well-being, and community resilience for six communities.
Because the disaster only strikes Community 1, its people have the lowest level of physical health, mental well-being, and
community resilience. Because Community 2 has a close relationship with Community 1, the mental well-being of its people is
affected by this disaster; consequently, its resilience is diminished.

of fear among all communities is increased after time
step 2 as a result of the mass media, which provides
relevant negative news. As a result, the risk perception,
the information-seeking behavior, and the experience
of the individuals in all communities rise after time
step 2. In general, human responses in Communities 3
to 6 follow the same trends, resulting in the same status.
When a Community 1, both
Communities 1 and 2 suffer losses. Because of
empathy between these two communities, the losses
associated with Community 1 are decreased compared

disaster strikes

to when there is no empathy between them. With the
help of Community 2, Community 1 recovers faster
than in the absence of any help. Community 2,
understandably, recovers faster than Community 1.

(2) Effects of two concurrent disasters on human
response

In this example, a disaster strikes Community 1,
while another one simultaneously strikes Community 5.
The characteristics of Community 1 and its disaster are
the same as those of Example 1. The injury factor of
in Community 5 follows the Gaussian
distribution N(0.1,0.1%). Electric energy supplied by

disaster

utilities and emergency services is available. The M~
MR and M® of the people in Community 5 follow the

Gaussian distribution N(0.9,0.12). Other characteristics
of the communities are similar to those of Example 1.
Figure 11 shows the average dynamic change in
collective behavior and community resilience for the
six communities during the disasters. It is observed that
the physical health of the individuals in Community 5
increases because of the availability of electricity,
emergency services, and the low level of the injury
factor of the disaster. Regarding Communities 1 and 2,
there is emotion diffusion and empathy among their
people. Furthermore, Community 2 does not have any
initial panic. Because its people are empathetic to
Community 1, the level of fear in the latter is lower
than that of Community 5. Since physical health in
Community 5 increases until time stamp 200, the
average level of fear in this community falls.

6 Conclusion

In this paper, we proposed a stochastic multi-agent
based model using Monte Carlo simulation to analyze
the dynamics of the social well-being of communities
during a disaster. In the proposed model, the effect of
two vital critical infrastructures, namely power systems
and emergency services, on the social well-being of a
society during a disaster is considered. Currently, the
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Fig. 11 Average dynamic change of availability of electricity, physical health, mental well-being, and community resilience for
the six communities. Although the resilience of Community 1 is similar to that of Community 5 at the beginning of the disasters,
these two communities do not exhibit the same trends. Because of the availability of emergency services and electricity during

the disaster, the resilience of Community 5 increases over time.

role of critical infrastructures and social characteristics
on community resilience is not considered. Our work
intends to address this gap in the research and stimulate
others to follow up on this research. Specifically, in our
simulations, we assumed that some of the agents have
distributed energy resources because of the importance
of on-site generation on community resilience. This
model accounts for the fact that the social well-being of
a community is influenced by both the mental and the
physical well-being of its individuals. we also
considered critical psychological features such as fear,
risk  perception,
compassionate empathy, flexibility, cooperation, and

information-seeking  behavior,
experience during a disaster. Each of these features for
a given community was assumed to be based on normal
distribution. The most important results inferred from
the two case studies are as follows. Experience and
flexibility have a negative impact on the level of fear,
information-seeking behavior, and risk perception of
agents. Experience positively influences the flexibility
of the agents if the latter optimistic. When the level of
cooperation is increased, the agents show a lower level
of fear, risk perception, and information-seeking
behavior. Furthermore, they share their electricity

sooner than when they have a low level of cooperation.
In addition, the positive features of the agents may
rectify their behavioral drawbacks. Consequently, we
may say that society has a different amount of
community resilience under different disasters.

The the
computational social science approach, where we

strength of our work comes from
create artificial societies from the bottom up, to gain
more understanding of collective behavior, through
structured simulations. Specifically, our research has
initiated a set of individual agent rules while
entrenching the modeling process in the scientific
evidence found in the literature and representing the
relations among social community agents. Through the
agent interactions in the model, our simulation results
show emergent patterns —collective behaviors —that
cannot be predicted from the individual agent rules.
These emergent effects give us an understanding of
which communities are more or less vulnerable during
disasters, based on which combinations of factors.
They help us understand community resilience better
and help us to derive new hypotheses that can be tested

in real-world scenarios. Another strength is that the
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model provides the option of modeling many different
effects, which would be costly and difficult to carry out
with only experiments or surveys. Each research has
limitations, as has ours. In this paper, we have made no
distinction between people’s expressed opinions and
their private opinions, despite the fact that there is a
distinction between these two features in reality. This
must be taken into account in future research. Because
a complete validation of our model is a lengthy and
costly process, each relation between the model
variables will be tesed separately, for example, through
direct observation during disasters or via surveys and
other methods. The parameter settings of our model
will then be calibrated with these real-world data.
Specifically, we plan to structurally validate our model,
step by step, to increase confidence in the modelling
choices. While the current model has given us more
understanding of community resilience, it is essential to
predict the resilience of various communities with
different features to various types of disasters, and
compare them to real data, and adjust the models
accordingly. Once our models are validated, they can
be used to assess the resilience of a community to an
upcoming disaster.

Appendix

The standardised form of the ODD+D protocol of the
proposed artificial society to measure community
resilience is available at https://github.com/Jab-V/ODD-
D/.

References

[1] S. L. Cutter, L. Barnes, M. Berry, C. Burton, E. Evans, E.
Tate, and J. Webb, A place-based model for understanding
community resilience to natural disasters, Glob. Environ.

Change, vol. 18, no. 4, pp. 598-606, 2008.
[2] G. Braden, Resilience from the Heart: The Power to

Thrive in Life’s Extremes. Carlsbad, CA, USA: Hay

House, Inc., 2015.
[31 J. Wei, D. Zhao, and L. Liang, Estimating the growth

models of news stories on disasters, J. Amer. Soc. Inf. Sci.

Technology, vol. 60, no. 9, pp. 1741-1755, 2009.
[4] M. A. Ortiz, S. R. Kurvers, and P. M. Bluyssen, A review

of comfort, health, and energy use: Understanding daily
energy use and wellbeing for the development of a new
approach to study comfort, Energy and Buildings,

vol. 152, pp. 323-335, 2017.
[5] M. M. Sellberg, P. Ryan, S. T. Borgstrom, A. V.

Norstrom, and G. D. Peterson, From resilience thinking to
resilience planning: Lessons from practice, Journal of

(6]

(7]

(8]

(9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

Multi-Agent Based Stochastic Dynamical Model to Measure Community Resilience 283

Environmental Management, vol. 217, pp. 906-918, 2018.
L. Mili, K. Triantis, and A. Greer, Integrating community

resilience in power system planning, in Power
Engineering: Advances and Challenges, Part B: Electrical
Power. Boca Raton, FL, USA: CRC Press, 2018, pp.

192-211.
J. E. Bigger, M. G. Willingham, F. Krimgold, and L. Mili,

Consequences of critical infrastructure interdependencies:
Lessons from the 2004 hurricane season in Florida,
International Journal of Critical Infrastructures, vol. 5,

no. 3, pp. 199-219, 2009.
J. Valinejad, L. Mili, C. N. V. D. Wal, M. V. Spakovsky,

and Y. Xu, Multi-dimensional output-oriented power
system resilience based on degraded functionality, in Proc.
2021 IEEE Power & Energy Society General Meeting

(PESGM), Washington, DC, USA, 2021, pp. 1-11.
S. Tan, Y. Wang, Y. Chen, and Z. Wang, Evolutionary

dynamics of collective behavior selection and drift:
Flocking, collapse, and oscillation, /[EEE Transactions on

Cybernetics, vol. 47, no. 7, pp. 1694-1705, 2017.
C. N. V. D. Wal, D. Formolo, M. A. Robinson, M.

Minkov, and T. Bosse, Simulating crowd evacuation with
socio-cultural, cognitive, and emotional elements, in
Transactions on Computational Collective Intelligence
XXVII, N. T. Nguyen, R. Kowalczyk, and J. Mercik, eds.

Cham, Switzerland: Springer, 2017, pp. 139-177.
J. Valingjad, L. Mili, C. N. V. D. Wal, and Y. Xu,

Environomic-based social demand response in cyber-
physical-social power systems, [EEE Transactions on
Circuits and Systems II: Express Briefs, vol. 69, no. 3,
pp. 1302-1306, 2021.

J. M. Epstein and R. Axtell, Growing Artificial Societies:
Social Science from the Bottom Up. Washington, DC,
USA: Brookings Institution Press, 1996.

P. Ye, S. Wang, and F. -Y. Wang, A general cognitive

architecture for agent-based modeling in artificial
societies, /[EEE Transactions on Computational Social
Systems, vol. 5, no. 1, pp. 176185, 2017.

G. A. Bonanno, S. Galea, A. Bucciarelli, and D. Vlahov,
What predicts psychological resilience after disaster? The
role of demographics, resources, and life stress, Journal of
Consulting and Clinical Psychology, vol.75,

pp. 671-682, 2007.
C. Gao and J. Liu, Network-based modeling for

no. 5,

characterizing human collective behaviors during extreme
events, [EEE Transactioncs on Systems, Man, and

Cybernetics: Systems, vol. 47, no. 1, pp. 171-183, 2017.
D. Peters and R. Calvo, Compassion vs. empathy:

Designing for resilience, Interactions , vol.21, no.S5,

pp- 48-53,2014.
J. Ohrnberger, E. Fichera, and M. Sutton, The relationship

between physical and mental health: A mediation analysis,

Social Science & Medicine, vol. 195, pp. 42-49, 2017.
Y. Kim, The effects of a physical inactivity-related health

risk message intervention on changes in risk perceptions



284

(19]

[20]

[21]

(22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

(31]

and physical activity in middle-aged women, Journal of

Women & Aging, vol. 32, no. 5, pp. 546-562, 2019.
J. Valinejad, Measuring and enhancing the resilience of

interdependent power systems, emergency services, and
social communities, PhD dissertation, Bradley Department
of Electrical and Computer Engineering, Virginia Tech,

Blacksburg, VA, USA, 2022.
T. Bosse, M. Hoogendoorn, M. C. A. Klein, J. Treur, C. N.

V. D. Wal, and A. V. Wissen, Modelling collective
decision making in groups and crowds: Integrating social
contagion and interacting emotions, beliefs and intentions,
Autonomous Agents and Multi-Agent Systems, vol. 27,

no. 1, pp. 52-84, 2013.
B. Miiller, F. Bohn, G. DreBler, J. Groeneveld, C. Klassert,

R. Martin, M. Schliiter, J. Schulze, H. Weise, and N.
Schwarz, Describing human decisions in agent-based
models—ODD+D, an extension of the ODD protocol,
Environmental Modelling & Software, vol. 48, pp. 3748,

2013.
O. Renn, The role of risk perception for risk management,

Reliability Engineering & System Safety, vol. 59, no. 1,

pp- 49-62, 1998.

L. Song and T. -Y. Chang, Do resources of network
members help in help seeking? Social capital and health
information search, Social Networks, vol.34, no.4,

pp- 658-669, 2012.
R. Duarte, L. Gorte, and F. Deschamps, Flexibility

practices in disaster response—a process approach based
evaluation, in Proc. 2018 International Joint Conference
on Industrial Engineering and Operations Management,

Lisbon, Portugal, 2018, pp. 23-35.
R. Hoffmann and R. Muttarak, Learn from the past,

prepare for the future: Impacts of education and
experience on disaster preparedness in the Philippines and

Thailand, World Development, vol. 96, pp. 32-51, 2017.

S. Parkash, Cooperation, coordination and team issues in
disaster management: The need for a holistic and
integrated approach, Geological Society, London, Special

Publications, vol. 419, no. 1, pp. 57-61, 2015.
E. Fehr and K. M. Schmidt, A theory of fairness,

competition, and cooperation, The Quarterly Journal of

Economics, vol. 114, no. 3, pp. 817-868, 1999.
J. C. Banfield and J. F. Dovidio, The role of empathy in

responding to natural disasters: Comment on “who helps
natural disaster victims?” Analyses of Social Issues and

Public Policy, vol. 12, no. 1, pp. 276-279, 2012.
R. Albtoush, R. Dobrescu, and F. Ionescou, A hierarchical

model for emergency management systems, U. P. B. Sci.

Bull., Series C, vol. 73, no. 2, pp. 53—62, 2011.
H. Ahlborg, F. Boridng, S. C. Jagers, and P. S6derholm,

Provision of electricity to African households: The
importance of democracy and institutional quality, Energy

Policy, vol. 87, no. C, pp. 125-135, 2015.
H. Aki, Demand-side resiliency

community: Experiences and lessons learned in Japan,

and electricity

Journal of Social Computing, September 2022, 3(3): 262—286

[32]

(33]

(34]

[35]

[36]

[37]

[38]

[39]

(40]

[41]

[42]

[43]

[44]

Proceedings of the IEEE, vol. 105, no. 7, pp. 1443-1455,

2017.
W. Wen, G. Liu, Z. -H. Mao, W. Huang, X. Zhang, H. Hu,

J. Yang, and W. Jia, Toward constructing a real-time
social anxiety evaluation system: Exploring effective heart
rate features, IEEE Transactions on Affective Computing,

vol. 11, no. 1, pp. 100-110, 2020.
S. G. Barsade and D. E. Gibson, Group emotion: A view

from top and bottom, Research on Managing Groups and

Teams, vol. 1, pp. 81-102, 1998.
X. Yang and H. He, Adaptive critic learning and

experience replay for decentralized event-triggered control
of nonlinear interconnected systems, /IEEE Transactions
on Systems, Man, and Cybernetics: Systems , vol. 50,

no. 11, pp. 4043-4055, 2019.
D. Goleman, Emotional Intelligence. New York, NY,

USA: Bantam, 2006.
Y. Jiang and J. C. Jiang, Diffusion in social networks: A

multiagent perspective, [EEE Transactions on Systems,

Man, and Cybernetics: Systems , vol.45, no.?2,
pp. 198-213, 2015.
Z. Guo, J. Valinejad, and J. -H. Cho, Effect of

disinformation propagation on opinion dynamics: A game
theoretic approach, [EEE Transactions on Network
Science and Engineering, doi: 10.1109/TNSE.2022.

3181130.
W. Duan, Z. Cao, Y. Wang, B. Zhu, D. Zeng, F. Wang, X.

Qiu, H. Song, and Y. Wang, An ACP approach to public
health emergency management: Using a campus outbreak
of HINI influenza as a case study, /[EEE Transactions on
Systems, Man, and Cybernetics: Systems , vol. 43, no. 5,

pp. 1028-1041, 2013.

C. Liu, Q. Zeng, H. Duan, M. Zhou, F. Lu, and J. Cheng,
E-net modeling and analysis of emergency response
processes constrained by resources and uncertain
durations, [EEE Transactions on Systems, Man, and

Cybernetics: Systems, vol. 45, no. 1, pp. 84-96, 2015.
Rupert Scofield, How energy poverty affects health and

wellbeing, https://www.rupertscofield.com/how-energy-

poverty-affects-health-and-wellbeing/, 2018.
The worst kind of poverty: Energy poverty,

https://content.time.com/time/health/article/0,8599,%2096

602,00.html, 2011.
K. Meng, Z. Y. Dong, Z. Xu, Y. Zheng, and D. J. Hill,

Coordinated dispatch of virtual energy storage systems in
smart distribution networks for loading management,
IEEE Transactions on Systems, Man, and Cybernetics:

Systems, vol. 49, no. 4, pp. 776-786, 2019.
J. Valingjad and L. Mili, Community

optimization subject to power flow constraints in cyber-

resilience

physical-social systems in power engineering, arXiv

preprint arXiv: 2004.00772, 2020.
X. Kong, X. Liu, L. Ma, and K. Y. Lee, Hierarchical

distributed model predictive control of standalone



Jaber Valinejad et al.:

[45]

[46]

[47]

(48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

wind/solar/battery power system, [EEE Transactions on
Systems, Man, and Cybernetics: Systems , vol. 49, no. 8,

pp. 1570-1581, 2019.
J. Valinejad, L. Mili, and N. V. D. Wal, Research needed

in computational social science for power system
reliability, resilience, and restoration, arXiv preprint

arXiv: 2011.08064, 2020.
S. Ahmad, M. V. Mathai, and G. Parayil, Household

electricity access, availability and human well-being:
Evidence from India, Energy Policy, vol. 69, pp. 308-315,

2014.
T. Bosse, R. Duel, Z. A. Memonl, J. Treur, and C. N. V.

D. Wal, A multi-agent model for mutual absorption of
emotions, in Proc. 23 FEuropean Conference on
Modelling and Simulation, Madrid, Spain, 2009, pp.

212-218.
B. L. Fredrickson and T. Joiner, Positive emotions trigger

upward  spirals  toward emotional  well-being,

Psychological Science, vol. 13, no. 2, pp. 172-175, 2002.
M. Hoogendoorn, J. Treur, C. N. V. D. Wal, and A. V.

Wissen, An agent-based model for the interplay of
information and emotion in social diffusion, in Proc. 2010
IEEE/WIC/ACM  International Web
Intelligence and Intelligent Agent Technology, Toronto,

Canada, 2010, pp. 439444,
A. R. Damasio, The somatic marker hypothesis and the

Conference on

possible functions of the prefrontal cortex, Philosophical
Transactions of the Royal Society of London. Series B:
Biological Sciences, vol. 351, no. 1346, pp. 1413-1420,

1996.

X. Wang, X. Zheng, X. Zhang, K. Zeng, and F. Wang,
Analysis of cyber interactive behaviors using artificial
community and computational experiments, [EEE

Transactions on Systems, Man, and Cybernetics: Systems,

vol. 47, no. 6, pp. 995-1006, 2017.
D. C. Howell, Statistical Methods for Psychology.

Belmont, CA, USA: Cengage Learning, 2009.
M. Hoogendoorn, J. Treur, C. N. V. D. Wal, and A. V.

Wissen, Modelling the emergence of group decisions
based on mirroring and somatic marking, in Proc. of the
Second International Conference on Brain Informatics,

Toronto, Canada, 2010, pp. 29-41.
D. G. Rand, G. Kraft-Todd, and J. Gruber, The collective

benefits of feeling good and letting go: Positive emotion
and (dis)inhibition interact to predict cooperative behavior,

PLoS ONE, vol. 10, no. 1, p. ¢0117426, 2015.
J. F. Thayer, A. L. Hansen, E. Saus-Rose, and B. H.
Johnsen, Heart rate variability, prefrontal neural function,
and cognitive performance: The neurovisceral integration
perspective on self-regulation, adaptation, and health,
Medicine, vol. 37,

Annals  of  Behavioral no. 2,

pp. 141-153,20009.
J. Valinejad, Measuring and analyzing community

resilience during COVID-19 using social media, Masters
dissertation, Department of Computer Science, Virginia

Multi-Agent Based Stochastic Dynamical Model to Measure Community Resilience

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

285

Tech, Blacksburg, VA, USA, 2021.
J. Valinejad, Z. Guo, J. -H. Cho, and R. Chen, Measuring

community resilience during the COVID-19 based on
community wellbeing and resource distribution, http://

doi.org/10.1101/2022.05.23.22275454, 2022.
P. S. Ring and A. H. V. D. Ven, Structuring cooperative

relationships between organizations, Strategic

Management Journal, vol. 13, no. 7, pp. 483-498, 1992.
E. Hormiga and A. Bolivar-Cruz, The relationship

between the migration experience and risk perception: A
factor in the decision to become an entrepreneur,
International Entrepreneurship and Management Journal,

vol. 10, no. 2, pp. 297-317, 2014.
A. L. Richman, J. T. Civian, L. L. Shannon, E. J. Hill, and

R. T. Brennan, The relationship of perceived flexibility,
supportive work-life policies, and use of formal flexible
arrangements and occasional flexibility to employee
engagement and expected retention, Community, Work and

Family, vol. 11, no. 2, pp. 183-197, 2008.
N. L. Pelzer, W. H. Wiese, and J. M. Leysen, Library use

and information-seeking behavior of veterinary medical
students revisited in the electronic environment, Bulletin of
the Medical Library Association, vol. 86,

pp. 346-355, 1998.
K. L. Curtis, A. C. Weller, and J. M. Hurd, Information-

seeking behavior of health sciences faculty: The impact of

no. 3,

new information technologies, Bulletin of the Medical

Library Association, vol. 85, no. 4, pp. 402—410, 1997.
A. Robson and L. Robinson, Building on models of

information behaviour: Linking information seeking and
communication, Journal of Documentation, vol. 69, no. 2,

pp. 169-193, 2013.

T. Hollenstein and M. D. Lewis, A state space analysis of
emotion and flexibility in parent-child interactions,

Emotion, vol. 6, no. 4, pp. 656—662, 2006.
M. W. Southward and J. S. Cheavens, Assessing the

relation between flexibility in emotional expression and
symptoms of anxiety and depression: The roles of context
sensitivity and feedback sensitivity, Journal of Social and

Clinical Psychology, vol. 36, no. 2, pp. 142—157, 2017.
J. Allwood, Cooperation and flexibility in multimodal

communication, in Proc. Second International Conference
on Cooperative Multimodal Communication, Tilburg, the

Netherlands, 1998, pp. 113-124.
R. -M. Hiamildinen, A. R. Aro, C. J. Lau, D. Rus, L. Cori,

and A. M. Syed, Cross-sector cooperation in health-
enhancing physical activity policymaking: More potential
than achievements? Health Research Policy and Systems,

vol. 14, no. 1, p. 33, 2016.
Z. S. Ali, Media myths and realities in natural disasters,

European Journal of Business and Social Sciences, vol. 2,

no. 1, pp. 125-133, 2013.
H. Weber, D. Becker, and S. Hillmert, Information-

seeking behavior and academic in higher
education: Which search strategies matter for grade

Success



286

differences among university students and how does this
relevance differ by field of study? Higher Education,
vol. 77, no. 4, pp. 657-678, 2019.

[70] G. R. Jones and J. M. George, The experience and
evolution of trust: Implications for cooperation and
teamwork, Academy of Management Review, vol. 23,

no. 3, pp. 531-546, 1998.
[71] D. C. Mutz, Contextualizing personal experience: The role

of mass media, The Journal of Politics, vol. 56, no. 3,
pp. 689-714, 1994,

Jaber Valinejad received the PhD degree
and master degree in computer science
from Virginia Tech, Washington DC, USA.
He is currently a postdoctoral researcher in
the Data and System Science lab at
Harvard University’s Medical School in
Cambridge, MA, USA. He was a fellow

e of the following  NSF-sponsored
interdisciplinary programs while pursuing the PD degree at
Virginia Tech: (1) disaster resilience and risk management
(DRRM); and (2) urban computing. His research focuses on
community resilience, computational social science, energy, and
socio-technical systems through the use of network science, data
science, natural language processing (NLP), social sensing tools
(such as Twitter and Google), machine learning, and
optimization techniques.

C. Natalie Van Der Wal received the PhD
degree in artificial intelligence in 2012, the
master degree in cognitive science (with
honors) in 2009, and the bachelor degree in
cognitive and clinical neuropsychology in
2007 from Vrije Universiteit Amsterdam,
and the master and bachelor degrees in
media and culture from University of
Amsterdam in 2003. She currently is an associate professor in
system engineering and simulation at Delft University of
Technology. Previously she worked as a Marie-Sklodowska-
Curie research fellow at Leeds University Business School and
as an assistant professor at Vrije Universiteit Amsterdam. She
has co-authored over 40 peer-reviewed journal and conference
publications in the areas of agent-based modelling, evacuation
science, resilience research, and health and well-being. She has
won a best paper award at the International Conference of
Computational Collective Intelligence 2017 for her evacuation
model including socio-cultural factors, an EU H2020 Marie
Sklodowska-Curie Individual Fellowship in 2018 for evacuation
research, and was Work Package Leader of EU H2020 project
IMPACT from 2015 to 2018. She has been in Program
Committees of over 40 International Conferences, among which
the Annual Meeting of the Cognitive Science Society and the
International Conference on Autonomous Agents and Multi-
Agent Systems.

Journal of Social Computing, September 2022, 3(3): 262—286

[72] G Sagl, B Resch, B Hawelka, and E Beinat, From
social sensor data to collective human behaviour patterns:
Analysing and visualising spatio-temporal dynamics in

GI Forum 2012:

Geovisualization, Society and Learning, Berlin, Germany,

2012, pp. 54-63.
[73] J. W. Pennebaker, R. J. Booth, R. L. Boyd, and M. E.

Francis, Linguistic Inquiry and Word Count (LIWC),

urban environments, in Proc.

https://liwc.wpengine.com, 2021.

Lamine Mili received the PhD degree
from University of Li¢ge, Belgium in 1987.
He is a professor of electrical and
computer engineering, Virginia Tech,
Blacksburg. He has five years of industrial
experience with the Tunisian electric utility,
STEG. At STEG, he worked in the
Planning Department from 1976 to 1979
and then at the Test and Meter Laboratory from 1979 till 1981.
He was a visiting professor with the Swiss Federal Institute of
Technology in Lausanne, the Grenoble Institute of Technology,
the Ecole Supérieure D'électricité in France, and the Ecole
Polytechnique de Tunisie in Tunisia, and did consulting work for
the French Power Transmission company, RTE. His research has
focused on power system planning for enhanced resiliency and
sustainability, risk management of complex systems to
catastrophic failures, robust estimation and control, nonlinear
dynamics, and bifurcation theory. He is the co-founder and co-
editor of the International Journal of Critical Infrastructure. He
is the chairman of the IEEE Working Group on State Estimation
Algorithms and the chair of the IEEE Task Force on Power
System Uncertainty Quantification and Uncertainty-Aware
Decision-Making. He is a recipient of several awards including
the US National Science Foundation (NSF) Research Initiation
Award and the NSF Young Investigation Award.




