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Abstract

A social health care system, such as palliative care, can be viewed as a social network
of interacting patients and care providers. Each patient in the network has a set
of capabilities to perform his or her intended daily tasks. However, some patients
may not have the required capabilities to carry out their desired tasks. Consequently,
different groups of care providers - consist of doctors, volunteers, nurses, etc.- offer
the patients support by providing them with a variety of needed services.

Assuming there are a cost and resource limitations for providing care within the
system, where each care provider can support a limited number of patients, the prob-
lem is to find a set of suitable care providers to match the needs of the maximum
number of patients.

In this dissertation, we propose a novel agent-based model to address this prob-
lem by extending the agent’s capabilities using the benefit of the social network.
Our assumption is that each agent, or patient, can cover its disabilities and perform
its desired tasks through collaboration with other agents, or care providers, in the
network.

The goal of this work is to improve the quality of services in the network at both
individual and system levels. On the one hand, an individual patient wants to maxi-
mize the quality of his/her life, while at the system level we want to achieve quality
care for as many patients as possible with minimum cost. The performance and
functionality of this proposed model have been evaluated based on various synthetic
networks.

The results demonstrate a significant reduction in the operational costs and en-

hancement of the service quality.
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Chapter 1

Introduction

The aging population has been growing rapidly in the world. Statistics show that
by 2050, elderly people who have 60 years old and more will shape around 20 per-
cent of the world population, while this rate now is approximately 10 percent of the
population[3]. With aging, the risk of contracting diseases, especially chronic diseases,
increases along with other health related problems. Therefore, the need of improving
healthcare systems can be considered as a critical issue to enhance the quality of
healthcare services. In addition, the service must be accessible to everyone with a
reasonable cost.

On the other hand, the spread of the Internet, computer networks, recent devel-
opments in electronics such as sensors and wireless technologies have helped experts
to propose various solutions to deal with the healthcare problems [28]. Using the
Internet and networks, possible to share the experimental data and access to the
benchmarks much easier and faster than before. For example, a lot of Electronic
Health Record (EHR) data have been shared on-line which can be used to study
some particular problems of healthcare systems. As a result, in recent years, artificial
intelligence techniques are frequently used for the data analysis purpose in the field

of healthcare.



One of the proposed Al approach to deal with the healthcare problems is to
simulate the system using Multi-Agent models. The healthcare system is a complex
structure consists of multiple actors who are interacting with each other in different
ways. Making a decision in this system is a hard task which needs a complicated
analytic process. Multi-agent modeling can be used to simulate various types of
scenarios and help the process of decision making [16] [10]. Exploring the behavior of
the system in a controlled environment is another advantage of Multi-Agent Systems
(MAS) for the experts [21]. Generally, in this approach, a complex task is broken
into smaller tasks, and each of them is assigned to an agent. Therefore, each agent
has its own particular goals and responsibilities.

In this thesis, our goal is to develop a MAS to model the palliative care system
where patients are not able to perform some of their daily tasks. Our proposed
method is to map the system to a social network, where patients and care providers
are its main social actors. Patients here are older adults or people who suffer chronic
or terminal diseases with loss of capabilities. The primary goal of our method is to
find the best person or care provider team that can collaborate with the patient to
do his/her daily tasks with the minimum costs and maximum satisfaction rate. Our
assumption is that the require capabilities of each patient can be covered through
his/her social circles. Our proposed approach is not limited to this particular problem,
but also it can be applied in any other situations when social actors do not have some
of the required capabilities, and the system must be traced to find the best candidates
to cover these disabilities.

In this chapter, we first review some of the related fundamental topics and then,
the problem definition, our research objectives, and research contributions are dis-

cussed in details.



1.1 Background

1.1.1 Social Systems

A social system can be described as a group of interacting social actors with common
goals or orientations[26]. Family groups, neighbors, circle of friends and healthcare
systems are some of the examples of these systems which play key roles in human
activities and life. Due to their critical impacts on the society and people, they
are studied from both individual and systematic perspectives. A social system can
help experts to classify the society into social systems to study the behavior and
interactions among members.

Parsons in [26] mentioned that each social system imperatively needs the AGIL
(Adaptation, Goal attainment, Intention, Latency) characteristics. The author also
mentioned that the stability of a social system can guarantee by enhancing these
features. Goal attainment concerns about goal settings and decision making in the
society. Adaptation shows how much a social system can interact with the envi-
ronment. Integration refers to the strengthen relations between actors and finally,

Latency is about the roles, needs, and motives of the actors in the society.

1.1.2 Health care Systems- Palliative Care

The healthcare system is a social system where different types of actors play their
roles in order to improve and maintain patient’s physical or mental health. The
health care social system consists of variety types of actors (e.g. doctors, patients,
organizations, etc.) who have different goals and responsibilities. This system can be
seen as a network where the nodes are various types of actors, includes care providers
or patients, and edges are connections between them.

Palliative care is an example of healthcare social system which used in this thesis

as a case study. Palliative care is a particular type of healthcare which focuses on



improving the patient’s quality of life who are living with life-threatening illness or
nearing the end of life. This approach may be taken into an account if there is no
chance for a cure. The primary goal here is to provide various support services to
help the patients having an active and comfort life during the remaining time [33].
As shown in Fig. 1.1, a team of care providers including family members, nurses,

volunteers, and doctors are involved in this process.

% Driver

Gardener

S

Caregiver

House
keeper

Patient

Specialist

Social worker

Psychologist Volunteer

Figure 1.1: Social care circle in a palliative care system

1.1.3 Intelligent Agent

The term of "agent” has multiple definitions in different areas [10], but S.Russell
and P.Norvig [30] described different types of agents in the field of Artificial Intelli-
gence(Al). A simple agent is an agent which only receives data from the environment
and react to the environment. This agent matches the received data about the current
situation of the environment and the rules on the agent and chose the best action ac-
cording to that. A problem-solving agent, which is a type of goal-based agents, make
a decision to choose a proper action based on the environmental situations and the
agent’s goals. In another word, it measures the effect of its acts on the environment
to find out how the series of actions can lead it to the acceptable states (goal). A

learning agent is another type of agent which is able to keep and store the obtained



knowledge of its previous experiences and use them in the future action selection
process.

Therefore, an intelligent agent can be defined as a problem-solving entity which is
working autonomously in the environment to achieve an individual goal. In another
word, an intelligent agent is a goal-driven entity. In addition, an intelligent agent is
adaptable to the environment and receives the data from the environment by sensors
and react to the environment by actuators [17], [21], [30]. A simple agent is shown in

fig 1.2.

SENSOrs

Figure 1.2: A simple agent [30]

1.1.4 Multi-Agent System(MAS)

A Multi-Agent System(MAS) is a system that consists of several intelligent agents
that interact with each other to solve a common problem. In this system, each
agent has a particular responsibility and role, such as a seller or a consumer. They
have mutual influences on each other which lead them to achieve their goals [21].
A MAS can be beneficial where an environment has some characteristics such as
heterogeneous and complex interactions, heterogeneous population size, or complex
agent’s behaviors(e.g. learning) [4]. Moreover, MAS is suggested for the systems that
deal with a large amount of data. In MAS a task is breaking down to the subtasks
and assigned to each agent. So, the system easily can be implemented and explored

21].



As mentioned before, MAS can help experts to simulate and monitor the behavior
of dynamic social networks to solve a particular problem in the society in a case of
the complex issue which must be broken into smaller pieces. In the recent years, this
approach has been used to solve various types of problems in different fields such as
marketing, anthropology, etc. MASs also have been used widely to model healthcare
systems where a huge amount of data and criteria are needed for solving a problem.

In the field of healthcare systems, the applications of MAS can be categorized by
different criteria [15]. Regarding MAS applications, these systems can be classified
into data management, distributed system’s security, decision support systems(DSS),
resource planning, simulation systems, care platform, monitoring and alarming sys-
tems [15]. Furthermore, these approaches have focused on different groups of actors
including patients, staffs, and organizations. In addition, a system may focus on more
than one type of actors. Some of these approaches are discussed in the next chapter

as the related works.

1.2 Research Motivation

In the last decade, different types of multi-agent based decision support systems have
been proposed to deal with various types of problem in the healthcare systems. These
support systems can be used to provide appropriate healthcare services to the patients
which is the first and foremost incentive of this thesis, as a part of humanity.
Additionally, the widespread of the Internet and recent developments in the elec-
tronics and wireless technologies provide a broad range of innovative digital tools and
analytic techniques for researchers to cope with the wide range of healthcare problems
[28]. The number Body Area Network(BAN) developed a lot to send types of data
from the patients. Also, Internet of Thing (IoT') helps the experts to send and receive

the real-time data. These technologies provide access to the broad range of shared



information which can be used to exploring the healthcare systems.

On the other hand, the healthcare system consists of linked social circles of the
care, a set of attributes and a series of profile information. In a larger scale, the whole
care system can be seen as a social network consists of patients and care providers
who are linked together.

The fact is, very few research works have explored the system from the social
network perspective. We believe that looking at the system as a social network
and applying social network techniques on it can enhance both planning and task
allocation processes. The advantages of the social network can help the system to

minimize the operational costs and maximize the overall service quality.

1.3 Problem Statement

Health care system can be seen as a complex social system. One of the examples of
the healthcare system is palliative care system which is used in this thesis as a case
study.

As described before, the palliative care system consists of two main classes which
are patients and care providers. Each patient has a set of capabilities and goals,
which can be defined as ag? € AG £ (Gago, Cagr), where Cogo = {c1, ..., ¢, } denotes
the set of n capabilities for each patient. For example, ¢; can be the ability to
walk independently, and ¢y the capability of speaking. For each patient, the set of
capabilities can be split into two sets of internal and external capabilities, hence
Cogr = {CinUCEgx} and Cpx NCyy = 9. The internal capabilities are those abilities
that a patient already have which can be represented by a fixed-size binary vector as
Ciy = [e1, ..., ¢,), where ¢;,1 < i < nis 1 if a patient has the corresponding ability
and it is 0 in the other case.

The external capabilities are those abilities that a patient does not have but can



be obtained with the help of the care providers. Similar to the internal capability it
can be represented by a fixed-size binary vector as Cpx = [c1,. .., Cpl.

In addition, each patient has a set of goals which can be achieved by performing
some specific tasks. Let g € Gygpr £ (gid, TS) shows a goal where gid is used to
identify the goal and TS is a set of required tasks to achieve it. Each task is defined
as ts € TS £ (tid, RC) where, RC is the required capabilities to perform the task
and is represented as RC 2 (rcy,...,rcm).

Consequently, the main problem here is that some of the patients do not have
enough internal capabilities to perform the required tasks of their goals, IRC|RC €
Cin. For example in Fig. 1.3, the patient wants to achieve a goal and has 6 capabilities
of ¢1,¢o,c3,¢5,¢6 and ¢;. The goal requires performing Tasks 1, 2 and 3. Three
capabilities of ¢q, co and c3 are required to perform the task 1. For the task 2, ¢, ¢y
and c¢5 are required, and for the task 3 the capability of ¢, is required. As the patient
does not have the capability of ¢4, it can not perform the task 2 and consequently

can not reach the goal.

v Task1
x Task 2
'

xGoal 1
Figure 1.3: An example to illustrate the problem

agent

EBEEIEEE

To cover this weakness, the patient must rely on the external capabilities which
are provided by the care providers. Hence, multiple care providers may be needed to
support a patient. If we assume that, there is a distance cost between patients and

care providers, then the issue can be defined as identifying suitable care providers on a



complex network with the lowest cost which is an optimization problem. Meanwhile,
lack of the resources is another obstacle here where each care provider can provide a
limited number of services to a limited number of patients who may need more than
one capability.

In another example, assume a patient needs to see a doctor every week, but he
does not have capabilities of speaking and driving. On the other hand, there are some
people on the network who like to provide different types of services to the patients.
In our example, there is a person who knows sign language and able to drive and
take the patient from his house to the doctor. If these people know each other, they
can support themselves. But a patient only knows a limited number of people in the
society. The main problem is that how an agent can get access to more services in its
network to be able to perform more of its daily tasks? Also, how do the people whom
the agent knows can help it to achieve its goals? Then, How can an agent extend its
sociability as one of the important factors of the quality of life?

In addition, in the previous example, one of the main factors is that a patient may
need a long-term care service such as visiting a doctor weekly. In this scenario, is it
possible to use the knowledge obtained from the previous experience to reduce the
search time of finding care provider/ service provider?

Additionally, a patient’s requirements may be changed during the time. For ex-
ample, assume a child with a chronic disease, who needs some capabilities. His or her
required capabilities will frequently be changed when he or she is growing up. Con-

sequently, the question is, how can an agent’s capabilities evolve during the process.

1.4 Research Objectives

Our first goal is to describe the system, its domain, and components in an appropriate

computable form by an agent-based model. The next objective is to propose an
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algorithm for the care planning purpose to assist the care providers and patients in
the decision-making process. The provided system can provide an opportunity to

apply social network analysis techniques to achieve the following goals:
e Enhancing the topology of the healthcare system and increase its performance.

e Improving the quality of services for the patients with similar problems, disor-

ders, and needs.

e Enhancing the human resource allocation’s process and reduce operational costs
by optimizing the network topology and assigning most appropriate care providers

to the patients.

1.5 Research Contributions

This thesis proposes a MAS to model the palliative care systems and improving the
quality of services. In addition, a new method is introduced in this thesis to extend
agent’s capabilities using a social network approach. To the best of our knowledge, it
is the first attempt in the field to make a practical computational model to represent
the health care systems, especially palliative care and end-of-life care systems.

The output of this research will be an agent-based framework which can be used
as a decision support system to recommend caregivers and care providers to patients,
based on the required capabilities and resources with the aim of improving their
quality of life and services, and reducing the costs.

The performance and functionality of this model are evaluated based on various

synthetic networks and scenarios.
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1.6 Thesis Outline

The rest of this thesis is organized as follows. In chapter 2, some of the approaches
and research works which are related to our proposed model are reviewed. Our
proposed model and algorithms, the structure of the agent in this model, and the
formal definition of a palliative network are discussed and explained in details in
Chapter 3. The experimental setup and parameters that used in the evaluation of
our model and the obtained results are presented in chapter 4. Finally, the conclusion,

discussions and the future works are discussed, in chapter 5.
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Chapter 2

Related Work

In this chapter, the existing research works in the field are reviewed. These works
are divided into three parts. In the first part, those research studies that use an
agent-based approach to deal with healthcare issues, especially for palliative care and
elderly with chronic disease are reviewed. In the second part, some of the well-known
and novel methods for extending the agent’s capabilities are discussed. Finally, In
the last part, several well-known related task allocation algorithms are extensively

reviewed.

2.0.1 Multi-Agent based Systems

In recent years, Multi-Agent Systems (MASs) have been widely used to enhance
healthcare system. Development of Internet, wireless network and sensors have a
significant impact on usage of this approach. The applications of the multi-agent
system in healthcare system can be reviewed from two perspectives of application
and user domains.

One of the main application is Decision Support Systems (DSS). These systems try
to help users in decision-making process using the received data from various sources

such as Electronic Health Record (EHR) and sensors. Some other approaches in this
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field, focus on diagnosis a particular disease such as cardiac disorder [13], Parkinson
[8], and brain tumors [11]. Another group of research, aims to monitor the patient
remotely. Detecting the critical situation, notifying the doctors when a patient is
in an emergency condition, exchanging medical data of patients, and personalizing
patients guidelines are some of the features of these research projects [27, 18, 12].

From user domain perspective, various types of users are in the center of attentions[15].
An example of MAS to assist staffs and professionals can be found in [27]. In
29, 32, 2, 8, 14], the authors discussed some of the models which can be used to assist
the patients at home. These works can help patients in management of their treat-
ment or decision-making process. But, the models proposed in [24, 11, 13] designed
to be used by organizations in order to monitor their patients remotely. However,
some of them can be used by more than one group of the user [9, 18]. We discuss
some of these approaches with more details in the following paragraphs.

Palliasys [24] is an agent-base system which aims to monitor, analyze and collect
information of those patients who need palliative care. The authors proposed a MAS
to improve the communication process between patient and doctors in Personal Care
Unit (PCU) in a hospital. Their proposed system is able to manage the appointments,
give access to the patients medical history, and notify the patients about any changes
in their treatment process. In addition, the system provides a framework to introduce
a criteria, and other medical information.

In [29], the authors proposed an agent-based architecture to model the patient-
centric palliative care system. They defined various types of autonomous interacting
agents, such as Patient, Caregiver and Administrator agents. These agents have been
divided into two classes of agents that interact with patients (Assistant agents), or
interact with other agents (System agents). Their primary objectives are to enhance
the communications between patients and caregivers and monitor the patients. In

this model, a patient is assigned to an agent which is responsible for keeping patient’s
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information, interacting with other agents for scheduling, and reminding some impor-
tant tasks to the patients such as taking medications. Additionally, Caregiver agents
are responsible to assist Patient agents in the scheduling and reminding tasks. In
addition, in their model, one type of Caregiver Agents is Coordinator Agent which
is responsible to find a team of care provider in response to the patient’s needs. Co-
ordinator Agent send their request to care providers using a Care-flow Management
System (CfMS). Moreover, other types of agents such as Monitoring, Scheduling, and
Administrator agents have been designed to manage the coordination between the

Patient and Caregiver agents.

Monitoring Agent
DR F N / \ Lot Patient/Family

Lar):n r’\):nl *%
igchcdulmﬂ Agent Family Physician
. SO
Administrator \Eum el
Care Coordinator @ e %

_ Administrator
| CfMS (Workflows, Ontologies. etc.) |

Physiotherapist
ysiofierapis Caregiver Agent

-Cdre C nurdmamr Agent

Figure 2.1: An Agent-based Model Home Care[29]

In [32], the authors proposed an IAServe platform. The target of this work is
to provide a care plan and suggest some activities based on given information about
the patient. The goal of this platform is to improve quality of life of the elderly
people by reducing the cost of the services and improving the quality of them. This
model consists of four layers which are knowledge Intensive, cloud-based services,
agent environment and data repository layers.

Data repository keeps the information about the patient and descriptions of some
web services. The care plan is personalized in the knowledge intensive layer by using
the information obtained from patient’s profile. Cloud service suggests some services
to the patient such as weather advice. The agent environment is responsible for

managing the patients and adding the care services which are received from the cloud



15

service, in patients care plans.

The Environment layer consists of four types of agents. The Environment Data
agent which is responsible to receive data from Yahoo!Weather. Another agent is
Service agent which is responsible of monitoring the implementation of the proposed
care plans. FEach patient is mapped to an agent which is called User agent and
performs the proposed services whenever a task from Service agent’s is received.
The last agent is Maintenance agent which deals with the changes in the healthcare
environment, such as updating the information by professionals.

In [14], the authors proposed a web-based MAS system to support patients who
require services in their house. Care plan personalization is one of the main features of
their proposed system. The plan is designed using the clinical guidelines, and then the
system customizes it for each patient. It is a helpful feature especially when patients
have more than one chronic medical conditions. Another feature is the architecture
which is three-layer structure consists of knowledge layer, data abstraction layer, and
Agent-Based layer. Using this architecture makes the model more flexible, reusable
and adaptable.

Additionally, in [2], the authors proposed a MAS assistant tool to support Home
Care system, and help older adults with chronic disease in their home. Their model
works based on the transmitted information from multiple sensors which are set on
the patient’s body. Each sensor is defined as an agent in the model. They claim that
their proposed system is capable of detecting the patient’s abnormal conditions and

give the adequate emergency suggested and alarms.

2.0.2 Agent Capabilities

The concept of capability in BDI (Belief-Desire-Intention) model was introduced in
1999 [7] to make the agent more adaptable. BDI architecture [5] is a philosophical

theory that defines an agent by three components. In this architecture, Belief main-
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tains the agent beliefs about itself or other agents, Desire represents the goals of the
agent, and finally, and Intention shows the plans that agent can choose to achieve its
goal.

Busetta[7] defined a capability as an identifiable unit with a set of plans, belief
knowledge, associated rules and the recursive inclusion of other capabilities. These as-
sociated rules consist of visibility rules that show if the events or beliefs are accessible

outside of the capability.

4 Outer Capability / Agent

Inner Capability

Events/Goals

| ——

Flans

EventziGoals

___Misble____

Figure 2.2: Concept of Capability [6]

The capability concept has been studied and extended by other authors to devel-
oped its features such as its modularization [6]. In another study [25], the authors
defined and formulated the capability in a single BDI agent. In this article, they
explored the relationships between capabilities and belief, desire and intention. They
also mentioned that their model could be converted to a multi-agent system.

In [1], the authors have been extended the definition of capabilities to facilitate
agent to collaborate with other tools or agents. They classified the concept of ca-

pability into two classes, include internal capability, and external capability. They
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formalized and defined the internal capability as those capabilities that agent already
has at least one plan to do it. In another word, those capabilities that agent can
perform by itself without another agent’s help.

The authors also mentioned that an agent needs external capabilities because
internal capabilities are not enough for an agent to achieve its goals. Therefore, the
external agent’s capabilities are divided into two types. Firstly, those capabilities
that can be achieved by collaboration with tools in the environment, and secondly,
are those that need association with other agents. They also formalized the external
capabilities.

In [23], the authors simulated exploiting artifact by the agent and evaluate the
impact of social inhabitation on the process of artifact selection. An artifact is a
tool in the environment that has some capabilities and can be used by the humans
(agents) in order to achieve their goals. They simulated the effects of social inhibition
and demands on the artifact selection by using a computational multi-agent model.

In that paper, the artifact selection in the presence and absence of inhibition are
tested. The agents have random capabilities and mapped to two separate group.
Simply, age is a designed element that shows the amount of influence among agents.
Each group has some tasks to do that each task needs a random capability. As a
result, this article has shown that the effect of social inhibition in capability selection.
Moreover, the effects of demand on group performance have been shown.

In [22], a model is designed with the agents that can exploit the desired arti-
fact toward achieving their goal. Therefore, the agent can improve its capabilities
and knowledge about using the proper artifact in order to achieve its goals. Differ-
ent types of evolutionary computation algorithms have been used in the three levels
of experience learning phase of the agents. Genetic Algorithm (GA)has been used
for individuals and socials learning. Additionally, both of the Cultural Algorithm
(CA) and Multi-Population Cultural Algorithms (MPCA) have been used for social
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networks. Adaptation strategies have also used to evolve capabilities in MABS.

In this model as shown in fig.2.3, a learning agent has been defined that can learn
to exploit proper artifact from the environment. In her dissertation, an artifact can
be seen as external capabilities with special abilities that can help the agent to achieve
its goals. The knowledge about capabilities plans (select and use plans) of the artifact
is stored in the capabilities structure. The Performance Element decides to choose
the best artifact by the plans in the capabilities and restriction in beliefs to achieve
a goal. The belief space keeps the experience of using unsuccessful artifacts for each
capability. After using an artifact, the Critic Element (CE) compares the data from
the sensors with performance standard which is predefined standards and send it to
learning element. The Learning Element is responsible for improving the capabilities
by the help of its learning strategies and the received feedback from Critic Element.

Performance Standard

/ Agent \ Environment
Sensors
<
€
] / l
3

Performance Element
| Goals |(—)| Beliefs |

Feedback \ ‘/

Learning
Element [ | Capabilities |

Critic

J' Exploit Artifacts

\ Effectors /

Figure 2.3: An Intelligent Agent Model able to Exploit Proper Artifact[22]

2.0.3 Task Allocation

In [34], the authors proposed a GA algorithm to deal with the task allocation problem.
In this model, the algorithm get requirements of each task and try to identify the best
set of agents who can perform that task. GA is used to find a near optimal solution for

this issue. The authors claim that their proposed algorithm can find a near optimal
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solution for this type of task allocation problem with a good level of robustness,
scalability, stability, and accuracy. A task in their model can be done by a single
agent or a team of agents. In their work, a task is allocated to a group of agents
that have the best collaboration rate. The assumption is that this group is the most
suitable one for the task. Each capability has a weight that shows how an agent ca do
the capability perfectly. Therefore, a member of the team which has smaller weight
is influenced by the other agent. The method also compared with the Hungarian
algorithm for the same scenario.

The authors in [31], proposed a MAS for task allocation problem in a dynamic
environment where each task can be allocated to an agent or a group of agents. They
provided three algorithms for task allocation and used the concept of synergy to
identify the best group of agents for a particular task. The model has been evaluated
in three level; agent perspective, team perspective and system perspective. The model
achieved 83.68% efficiency in the environment with changeable agents.

In this model, there is no restriction on access to the tasks or agents and all
agent can be assigned to all tasks. Each task has its priority which shows the task’s
interdependency, means that a task may have a prerequisite. If a provider has all the
capabilities to do a task, the task would be allocated to it. If no provider can provide
a task, the task would be divided into some subtasks, and the system looks for a team
of providers. A good team in this paper has been defined as a group of agents with
maximum synergy which shows how much good agents can work with other members

(agents) of the group.

2.1 Conclusion

As a summary, in this chapter, we reviewed some of the well-known computational

models and approaches to study healthcare systems. This chapter shows that these
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research works mainly focus on providing particular sort of services such as monitoring
or diagnosing the disease. However, there is very few research works in the field for
enhancing the quality of life of the patient with some sort of disabilities.

Additionally, different types of agent-based models were developed to deal with
the task allocation problems. They aim to find the optimal or near optimal solution
to reach a particular goal under some constraints.

Furthermore, most of the reviewed MASs are designed to be used and operated by
professionals, but are not capable of working in dynamic systems. Meanwhile, they
are not scalable and just capable of providing a very limited number of predefined
requirements.

We also observe that none of the existing proposed models for extending agents’
capabilities used the benefits of social networks. In the task allocation algorithms
also, there is very few research works to address the open issues of healthcare in a
dynamic environment and processes. Moreover, to the best of our knowledge, none of
the existing approaches has addressed the palliative care problem using social network
perspective.

We believe that, with the widespread of social networks, it is possible to use its
advantages to solving the open problems in the field much more faster and accurate
than the traditional approaches. Therefore, a patient can be seen as a social actor in
a social network, and social network analysis techniques can be applied to study its

role and requirements.
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Chapter 3

Multi-Agent Model for Health

Care Social System

In this chapter, we present our model to describe the healthcare system and propose
a method to deal with the discussed problem. First, all of the agents in our model is
seen as a network. This network is defined in the next section. Secondly, we show the
agent and its component in details. Then, we show how the components are working
with each other. The algorithm, the roles, and responsibilities of agents are discussed

in section three of this chapter.

3.1 Network Representation

The system can be mapped to a network consists of a set of agents. The structure
of agents will be described in the next section, but these agents are divided into two

classes of patients and care providers. Consequently, the network is defined as:

N £ (AGY U AGY) (3.1)
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Where AGT and AGC represent the set of patients and care providers respectively.
Each agent is linked to one or more agents which forms a graph G(V, E) where agents
are the nodes in the graph and E is the set of links between pairs of agents. Fig. 3.1
shows a sample of care network with six agents. The network can be converted to a

graph using the adjacency matrix.
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Figure 3.1: A sample care network with six agents

For example, as shown in fig 3.2, we have a network with six nodes, consists of
one patient and five care providers. The matrix shows the structure of the graph.
it means that the patient agent is connected to the care provider agents with the
IDs of 2 and 3. This matrix is an unweighted graph that does not show the level of

connection between the agents.
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Figure 3.2: a sample adjacency matrix

However, to increase the accuracy of the modeling, we also consider the geograph-
ical distance between the nodes in the network using a given weighted graph. The
weight here can be interpreted as a geographical distance cost between agents. For
example, a sample network can be represented using the matrix shown in fig 3.3.
According to the matrix, the distance between the patient agent and care provider
agents are 0.25, 0.50,1, 0.33 and 0.1. It means that, the physical distance between
the patient agent and care provider agent number 6 is closer than others. However,
assuming the network in this example is the same as the previous example in fig 3.2,
there is not any direct connection between the patient agent and this care provider.
Therefore, the patient agent can not get service from it.

The distance cost can be defined by a m by m matrix where m shows the number
of agents in the network. The weight is a value between 0 to 1 (0 =< distancecost <=

1). This weight can be interpreted as geographical closeness of agents in the network.



24

C C

ag, ag, ags agy ags" 2B

ag,’ 0 0.25 050 1 033 0.1
ag," 025 0 0.12 0.25 090 0.2
agst 0.50 0.12 0 085 045 0.7

ag," 1 0.25 0.85 0 032 017

ags“ | 0.33 0590 045 0.32 0 0.59

agg“ 0.1 0.2 0.7 017 0.59 0

Figure 3.3: a sample weighted graph based on distance cost

3.2 Agent Representation

In our model, all agents have the same structure but with different roles and respon-
sibilities. The BDI model is used to describe them which is shown in the Fig. 3.4.

Hence, each agent is defined as follow:

AG £< C,G, B, st > (3.2)

Where st shows the status of an agent which can be {0,1}. If the status is 0, means
that the agent is not available. C shows the agents capabilities, B keeps obtained
knowledge (belief) perceived from the environment and G determines the goals of the

agents. These elements and their structures are discussed in the following paragraphs.
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Figure 3.4: Structure of an agent

3.2.1 Capabilities

According to the [1], a hierarchical structure can be used to represent agent capa-
bilities which consist of Internal and External capabilities. The authors in [1], also
mentioned that the external capabilities also can be divided into two kinds of capa-
bilities. The first are those that achieved by tools and the second are those ones that
can be reached through the other agent’s help. We assume the external capabilities as
just one class because the agent in our model can use both of the tools and the agent’s
support. Therefore, each agent in our mode has a list of capabilities including two
types of capabilities; Internal and external capabilities that achieve by other agents.

Therefore, the capability of an agent is represented as:

CagGAGP é< CinUCgpx >
C[N = {Cid|1 S id S m}
CEX = {Cid|1 S id S m}

CinNCgx =9

As mentioned before, each internal capability c;ny € Cpy is a capability that
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agent can execute independently. In our model, we assume that an agent can provide
capabilities only when it can do it by itself, so the provided capabilities can be chosen
only from the list of internal capabilities when the agent is a provider. Therefore, a

capability can be defined as:

cin £< cid, st, pr, cst > (3.4)

Where cid is the name of the capability, and st determines if the agent has the
capability of cid to offer or not. Hence it can be 0 or 1. On the other hand, the
pr determines if the agent wants to provide the capability of cid by the associated
operational cost of cst . So, pr value also can be 0 or 1.

On the other hand, an external capability cgx € Crx are those capabilities that
can be achieved by the help of other agents. External capabilities help the agent to
keep track of other agents which helped the agent previously in performing some of

the missing capabilities. It is defined as:

cpx =< cid, st, EX ac > (3.5)

Where, EX 4 is a list of agents which can help or provide this capability.

3.2.2 Goals

In addition, each agent has a set of goals which is represented by a multi-dimensional
array. Each goal consists of some tasks which must be performed. Each goal can be

shown as:

Gag € Gog < gid, T, > (3.6)
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Where gid is the name of the goal, and T shows a set of tasks which are needed

to be executed by the agent to achieve the goal. Each task can be defined as:

t, € T, £< tid, RC; > (3.7)

Meanwhile, to perform each task a set of capabilities are needed. RC' is a re-
quired capabilities for each task tid and can be shown by a binary array RC; =<
TCOyTCLy eeey TCpy >

For example, the figure 3.5 shows the structure of a set of goals for a patient which
consists of n goals. For example, for achieving the first goal, task 1 is not required
but the second task is required. This task also needs some of the 0 < rc¢ < m to

complete the task.
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Figure 3.5: A sample of goal for a patient with n goals

3.2.3 Belief

As discussed before, the belief space keeps the obtained knowledge about the environ-
ment. We define two different types of knowledge for an agent which are topological

and domain knowledge. The belief space is a non-static array, and the obtained
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knowledge will be added to it. The belief can be defined as:
B,, £< KnP? U Kn" > (3.8)

Where the Kn” is a topographical knowledge, and Kn” is the domain knowledge.
Topological knowledge is used to store the required information about the patient’s
neighbors. Therefore, a patient has the partial view of the network and can see just
its own direct neighbors(other agent which are connected to the agent directly). The

topographical knowledge can be represented as:
KnaTgeAGp £< Neighbor,,, dest > (3.9)

Where Neighbor shows a list of agents which are directly connected to the agent
and dcst shows the distance cost between them. This knowledge will be updated after
each iteration, and new neighbors will be added.

Another knowledge is domain knowledge Kn® which is a temporary knowledge.

This knowledge keeps the information about the responses. It can be shown as:
KnaDgeAGP =< agﬁl, Cig, cSt > (3.10)

Where ag$ is the ID of a care provider agent which can provide the capability
ciq With related operational cost of cst. A patient agent uses this knowledge to find
the suitable care providers with the lowest operational cost. This knowledge will be
updated after each iteration. Same id also will be added after each iteration to the
K ngg to connect the patient agent to new agents.

As mentioned before, our model aims to extend capabilities of the agent (patient)
by the help of other agents(care providers). We assume that a patient has some In-

ternal capabilities and there are some providers (External agents) in the environment
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which want to provide some services to support the patient’s needs. So, we have
two types of agents which are patient agents and care provider agents. Each patient
agent has some missing capabilities, and care providers are willing to provide some
capabilities to the patients based on their Internal capabilities.

We use a fixed-size binary array to represent the capabilities. For example, as-
sume we have five predefined capabilities, c1, cs, c3, ¢4, and ¢ which represent the
capabilities of bathing, walking, reading, driving, and socializing. If an agent already
has all of the capabilities, then its internal and external capabilities are represented
by binary arrays with the size of 5 where C;y = [1,1,1,1,1] and Cgx = [0,0,0,0,0].
Now, assume that the agent is not able to drive. Therefore, the internal capability is
changed to Cry = [1,1,1,0,1].

Patient agents also have some goals which can be completed if all needed tasks
can be done. The agent also needs to have some capabilities to perform a task. So,
the patient agent with its internal capabilities may or may not complete a task if the

agent does not have one of the capabilities.

Algorithm 1 Agent Model to support Palliative Care
Input: graph G(V, E): The structure of a given palliative network;
AG?T: List & characteristics of the patients;
AGC: List & characteristics of the care providers;
Output: List of the care providers who can support the patients with the lowest cost
n < |AGT;
initialize Neighbor(i..n)
for i+ 1ton do
RCE; < EstimateReq(G o4, Coyi)
if RC'E; is not empty then
KnaDgi + SendReq([Neighbor;], RCE;)
[(Providers, Cid)] SelectAg(KnaDgi)
Ex < {cia}
Update(Neighbor;, [Providers])
end if
end for

As shown in algorithm. 1. The structure of a health care network and character-
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istic of each agent are given to the algorithm. These characteristic consists of filling
the type of the agent (care provider/patient), the patient Goals(G), and the agent
capabilities(missed and provided capabilities). Generally, each agent has a list of
neighbors which is stored in topographical knowledge (Kn®) of the agent.

After that, the required capabilities to achieve a goal is estimated as shown in
algorithm. 2 and is stored in RC'E. Simply, the required capabilities are those capa-
bilities which are needed to perform a particular task to achieve a goal but the agent
does not have it on its internal capabilities. RC'E keeps a list of all of the required

capabilities of a patient agent.

Algorithm 2 Estimate Requirement (for Patient Agent)

Input: Gy4:agent goal; Cyy: set of capabilities
Output: set of required capabilities to achieve the goals

Reqgoa < RCry
if (Reggou C Coy then
RCE 0
else
RCE + RCgoal — (RCgoal N Cag)
end if

Algorithm 3 Care Providers Requirement Estimation
Input: RCES,: set of required capabilities of the agent x

CP < RCE};, N Cyy
if C'P#( then
SendBack(CP, cst, ag”)
else
Send([neighbors|, RCE};, — (RCE;, N Coy) );
end if

When the requirement estimation process is finished, if RCE is not empty, the
patient agent send the list of the required capabilities to its neighbors (care provider
agents) and ask them for the support. Then, the neighbors estimate their capabilities

as it is shown in algorithm. 3.
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As shown in Algorithm 3, the care providers get the required skills and match
them with their own capabilities. If they can provide the capabilities, they will send
back a reply to the patient and inform it about the type and cost of the support.
If they can not provide the capability, they will forward the request to their own
neighbors. If the neighbors can provide a part or all of the capabilities they send
back a response directly to the patient and inform it about the type and the cost of
their support.

When the process is finished, and all care providers sent their feedbacks. The
system searches in (Kn”) for the most appropriate care providers. To find the op-
timal solution, each requirement capabilities check one by one for each requirement
capabilities. Those capabilities with less operational and distance costs are chosen.
For each capability, only one care provider will be added.

Next, the chosen capabilities and the corresponded care provider agents are added
to the External Capability of the patient. Consequently, if in the future the patient
agent wants to perform a new similar task. It does not need to search the whole

network, it just looks at its external capability and chooses the suitable care provider.

3.3 Conclusion

In this chapter, we proposed our model and represented the related equations, for-
mulas, and algorithms. We also defined a way to represent the network structure. To
create the network, we used the weighted method which is calculated based on the
operational cost and distance cost. We also described a BDI agent which is able to
represent a patient or a care provider with different roles, tasks, and goals.

In addition, the concepts of internal and external capabilities were defined in
this chapter. Meanwhile, the structure of a goal of each agent consists of tasks and

the required capabilities for each task has been proposed. Moreover, two types of



32

belief space which are topographical knowledge and domain knowledge to keep the

information of network and responses were discussed.
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Chapter 4

Evaluation

In this chapter, we evaluate the performance of our proposed model and compare with
other methods and report the results. We used a simulated palliative care network
as our case study.

In palliative care scenario, there are some patients and care providers in the net-
work. FEach person in the society knows some people (e.g.family members, friends,
doctors). Between each two people, there is a distance cost which can be described
as time or financial cost. As an example, connecting by letter may take more time
than connecting by phone. A patient in palliative care has some disabilities like un-
able to bathing or driving. On the other hand, each patient has some goals such as
visiting the family doctor, which needs someone to collaborate with the patient to be
achieved.

Each care providers provide some of their capabilities within related operational
cost. This operational cost also can be financial cost or time. In addition, each care
provider can provide its capabilities to a limited number of patients. As it mentioned,
the aim of this dissertation is to find the best provider with minimum operational
cost and maximum quality.

In the following paragraphs, we simulate several scenarios to deal with the prob-
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lem. First, we describe our evaluation setup and metrics and then we report the

obtained results.

4.1 Setup

To create a network for Palliative care, we use the LFR social network benchmark in
20, 19]. We generated multiple synthetic networks with 140 nodes(agents), m = 140

. The following parameters have been considered to generate these networks:

e 5 =1, (3 set the exponent for the distribution of community size in the network

v = 2: «v set the exponent for the nodes’ degree distribution.

1 =0.2, p is the mixing parameter which determines the ratio of the number of
edges between various communities to the total number of them. The higher

number means more complex community structure.

® D verage = 17, D average Tepresents the average degree of each node in the graph.

D ez = 50, Dyrar set the maximum degree size for each node.

As shown in Fig. 4.1, the generated graphs with LFR benchmark represent the
power-law distribution. In addition, they have a high number of cluster coefficient
relatively. Meanwhile, the average distance between nodes in all of them is less than
four, which represents the small-world effect on the social networks. Consequently,

these graphs can represent the key features of real social networks.
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Figure 4.1: Probability density function of the degree in logarithmic bins

Moreover, each agent in this generated networks has approximately 16 neighbors.
Some of the agents are not available in each experiment, so, the unavailable agents
are not providing our requesting capabilities. The agents have been divided into two
parts of care providers and patients. On the other hand, in our experiments, each
agent has ten predefined internal capabilities.

Additionally, 1 to 3 of patient agent’s capabilities are not available to shows the
missed capabilities. In this experience, each patient also has two goals and four
goals where each goal can be achieved, if two related tasks can be performed. As it
mentioned, in order to complete each task several capabilities are needed. Needed
capabilities are chosen randomly.

Furthermore, some of agents are care providers, which want to provide some capa-
bilities. The provided capabilities are selected randomly from internal capabilities of
an agent. Each care provider has a special operational cost for each service(capability)
that wants to provide. The operational cost is assigned by a random number between
0 and 1 (0 <= Operationalcost <= 1). Each care provider can provide services to

maximum three patients.
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4.2 Evaluation Method

As we mentioned, we compared our model with some other methods. The first method
is Brute Force model which used for comparison. In Brute Force model, patient agents
search for all possible care providers in the network. In This model, only patients
sends their requirement capabilities to their neighbors but if a care provider does
not have some capabilities care provider agent does not search in its neighbors. In
another word, patient agent sends its requirement to all the care provider agents in
the environment.

We also used another algorithm (Random) which sends the patient request to a set
of care providers that are chosen randomly. The maximum number of care providers
in that receive a patient request is 16 care providers. Similar to Brute force model,
care providers do not send any requirement to its neighbors or other agents.

Three criteria are used for this comparison. We calculated the required time
for each patient to find a set of care providers to cover its requirements. Also, the
number of achieved capabilities and the average cost of them are obtained. In some
comparisons, We also calculated the number of needed goals of the patient to show
after each round how many goals and tasks can be done by the patient without
searching on network. From the system perspective, the overall time of the process
and the success rate are also analyzed.

We also evaluated our model in the continuous process where a patient agent can
used experience about past collaboration with other agent in the next experience. In
addition, the neighbors of patient agent will be increased when a capability is added
to the agent’s external capabilities. We used a dynamic social network that in each
experience, some of the agents are unavailable.

In all of our comparison, five types of networks are used with different type of
distributions. The distribution of patient and care provider agents in five different

networks is shown in following:
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Network with 70 patient agents and 70 Care providers

Network with 90 patient agents and 50 Care providers

Network with 100 patient agents and 40 Care providers

Network with 110 patient agents and 30 Care providers

Network with 120 patient agents and 20 Care providers

For all of these classes, and all comparisons, ten independent experiments have

been done. All of the results are reported in the next section.

4.3 Result

In this section, we discuss the obtained results of evaluating our model’s related to
performance.

At the first step, we execute all mentioned models ten times with random in-
put. The input consists of different available agents, missed capabilities/ provided
capabilities, operational costs/distance cost, and patients goals.

We estimate the success rate of our model with the other models(Brute Force and
Random). As shown in Fig. 4.2, our algorithm could provide services (capabilities) to
the agents with a high success rate. For example, in the class of 70-70, more than 150
services are received by patients from the care providers while in the random method
this is just under 40 services. But compare with Brute Force model, our model can
provide only a little bit less than Brute Force model. The results clearly show that

our algorithm can help the patients with a high rate of success.



38

Overall Performance

100

90
80
70
60
50
20 B Qur Model
30 M Random
20
10
0

70-70 90-50 100-40 110-30 120-20
Care Networks

Average Provided Capabilities

Figure 4.2: Performance Evaluation

As another criterion, we compared the process times of each method which are
reported in Fig. 4.3. The process time is an average time consumed by the patient
from entering the system (when the patient received its goals) to add a new external
agent to its neighbors.

As seen in the graph, our algorithm found the solutions much faster than the brute
force search. However, it is still higher than the random search due to the fact that

there is not any decision making process in the random method.
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Figure 4.3: Process Time

Then, as shown in Fig. 4.4 the obtained operational costs by the algorithms were
analyzed. According to the results, our algorithm received better operational costs,
compare with the other methods, which mean that the average operational cost ob-

tained by our algorithm is less than the other approaches.
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Operational Cost
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Figure 4.4: Comparison of operational costs

The obtained distance costs for each care networks are also shown in fig 4.5.
The results apparently show that our algorithm provides services with less distance
cost among the other methods. The distance cost indicates the level of relationships

between two agents.
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Figure 4.5: Comparison of distance costs

According to the obtained results, our algorithm has clearly a better overall per-
formance and satisfaction rate among the other models.

We also simulated the model to see how much our model can help the patient
during the time. So, we tested the performance of our algorithm in a dynamic en-
vironment. We also compared the performance of these algorithms in a situation
that the patients aim to do some goals in each iterations and used its experience of
collaborating with other agents in each different iterations. In each iteration, some

of the patient agents receive their required services while others do not receive them
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because of the lack of resources. In other words, in each round, the patient agents
may find some care providers which can help them to fill their required capabilities, so
in the next round, they may not need those required capabilities. However, as some
of the care providers are not available randomly, so it is possible that a care provider
is not available in this round. In the following paragraphs, we report the process time

obtained by each of the methods in order to achieve the maximum possible tasks.
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Figure 4.6: Process time in the dynamic environment



41

As shown in fig 4.6, the process time is decreasing during the iterations due to
the fact that, some of the required capabilities are already provided in the previous
iterations. According to the results, the patient agents spend less time to find an
external resource to cover their missing capabilities by our algorithm than using the
Brute Force method. However as discussed before, the random model has the lowest
process time among these three algorithms, but the quality of the provided capability
is relatively very small.

To do the experiment, we assume that, each patient agent has two goals in each
iteration. Therefore, decreasing the process time in the next iterations can be in-
terpreted that, the patient agents have obtained the enough external capabilities to
reach their goals. In other words, the patient agents can find suitable care providers
based on the knowledge obtained from the past experiments, and they do not need
to search the whole network again. As shown in the diagram, the required time of
our algorithm to do the process is almost half of the required time of the brute force
method, while the overall performance is almost the same.

Fig. 4.7 illustrates the overall performance of the algorithms. It shows the number
of capabilities which have provided to the patient agents. The brute force method here
is our reference because it searches the whole network and finds all of the resources to
support the patient agents. This metric can be interpreted as a measurement of the
patient agent’s satisfaction rate and the overall performance of the system considering
the fact that the goal is to provide as much as possible support of the patient agents.

As expected, the random model has the worst performance of the algorithms, while
our algorithm has the near optimal performance in all the networks and situations.

Which clearly shows the effectiveness of our approach.
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We also tested the performance of our model when each patient has 50 capabilities

instead of 10 capabilities while the other setting has not been changed. The results

are reported in the fig. 4.8 to fig. 4.12. The results show that our model is scalable

and similar to the previous experiments it has the acceptable overall performance

among the others and can find the suitable care providers with the less csost in, the

shorter time.
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4.4 Conclusion

In this chapter, we have evaluated and compared the obtained results from our model
with two other methods which are brute force and random. According to the results,
our model has better overall performance than Random model while Brute force
method can find the better solution but in a very costly time. In addition, with the
increase in the size and complexity of the network, the brute force methods will not
be practical. However, the results show that our model is capable of finding the near
optimal solutions in a very short period of time.

In addition, using our model, the system can give service to mostly all of the

patients with the high rate of satisfaction.
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Chapter 5

Conclusion

In this dissertation, we proposed a multi-agent base model to extend the agent’s ca-
pabilities by using the advantages of the social network to minimize the operational
costs and maximize the service quality. The model can be seen through two perspec-
tives of patient and system. On the patient view, a patient aims to fill its capabilities
by searching its network to find its required services with lower cost in the minimum
time. From the system view, the system should be seen as an organization which
aims to not only satisfied patient but also care providers.

In addition, we introduced a way to map the palliative care network to a social
network. The network consists of several agents who are divided into two classes;
patient agents and care provider agents. The patients search in their networks to
find a proper care provider agents to fill their missing capabilities and help them to
achieve their goals. Each agent as a BDI agent has three components of Belief, Goal,
Capability.

Moreover, we introduced a novel algorithm to simulate the palliative care system
using our multi-agent framework. In our algorithm, a unique message sending mech-
anism has been proposed to propagate the patient’s requirements to the other agents

in the network through the patient’s circle of friends.
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We evaluated the performance of our model, from both patient and system per-
spectives. For both of these perspectives the process time, success rate, and the
amount of provided capabilities have been calculated. Our proposed algorithm also
compared with two different algorithms to show its performance.

According to the results, our algorithm can find the near optimal solution in a very
short time in compared to the exhaustive search. In compare to the random selection
method also, our algorithm has much better performance regarding the quality of the

services.

5.1 Future Work

In the future, we are going to test the performance of our algorithm on the real-world
data obtained from the real care centers (e.g. hospices) and compare them with the
actual decisions that a human expert can take manually. Meanwhile, exploring the
performance of our algorithm on larger networks is our another goal.

In addition, we believe that an evolutionary algorithm can be used to enhance
the quality of the agent selection. Hence, we are going to use cultural algorithm as a

knowledge based evolutionary method to improve the process of selection.



A7

Bibliography

[1]

Daghan L Acay, Gil Tidhar, and Liz Sonenberg. Extending agent capabilities:
tools vs. agents. In Web Intelligence and Intelligent Agent Technology, 2008. W1-
IAT08. IEEE/WIC/ACM International Conference on, volume 2, pages 259—
265. IEEE, 2008.

Chaib Aouatef, Boussebough Iman, and Chaoui Allaoua. Multi-agent system
in ambient environment for assistance of elderly sick peoples. In Proceedings of
the International Conference on Intelligent Information Processing, Security and

Advanced Communication, page 21. ACM, 2015.

John Beard, Simon Biggs, David E Bloom, Linda P Fried, Paul R Hogan, Alexan-
dre Kalache, S Jay Olshansky, et al. Global population ageing: Peril or promise?

Technical report, Program on the Global Demography of Aging, 2012.

Eric Bonabeau. Agent-based modeling: Methods and techniques for simulat-
ing human systems. Proceedings of the National Academy of Sciences, 99(suppl
3):7280-7287, 2002.

Michael Bratman. Intention, plans, and practical reason. 1987.

Lars Braubach, Alexander Pokahr, and Winfried Lamersdorf. Extending the ca-
pability concept for flexible bdi agent modularization. In International Workshop

on Programming Multi-Agent Systems, pages 139-155. Springer, 2005.



[7]

[11]

[12]

[13]

48

Paolo Busetta, Nicholas Howden, Ralph Ronnquist, and Andrew Hodgson. Struc-
turing bdi agents in functional clusters. In International Workshop on Agent

Theories, Architectures, and Languages, pages 277-289. Springer, 1999.

Yundong Cai, Zhiqi Shen, Siyuan Liu, Han Yu, Xiaogang Han, Jun Ji, Martin J
McKeown, Cyril Leung, and Chunyan Miao. An agent-based game for the pre-
dictive diagnosis of parkinson’s disease. In Proceedings of the 2014 international
conference on Autonomous agents and multi-agent systems, pages 1663-1664. In-

ternational Foundation for Autonomous Agents and Multiagent Systems, 2014.

Louie Cervantes, Yong-Seok Lee, Hyunho Yang, Sung-hyun Ko, and Jaewan Lee.
Agent-based intelligent decision support for the home healthcare environment.

Advances in Hybrid Information Technology, pages 414-424, 2007.

Darren Foster, Carolyn McGregor, and Samir El-Masri. A survey of agent-based
intelligent decision support systems to support clinical management and research.
In Proceedings of the 2nd International Workshop on Multi-Agent Systems for

Medicine, Computational Biology, and Bioinformatics, pages 16-34, 2005.

Horacio Gonzalez-Vélez, Mariola Mier, Margarida Julia-Sapé, Theodoros N Ar-
vanitis, Juan M Garcia-Gémez, Montserrat Robles, Paul H Lewis, Srinandan
Dasmahapatra, David Dupplaw, Andrew Peet, et al. Healthagents: distributed
multi-agent brain tumor diagnosis and prognosis. Applied Intelligence, 30(3):191—
202, 2009.

Mayuri Gund, Snehal Andhalkar, Dipti Patil, VM Wadhai, et al. An intelligent
architecture for multi-agent based m-health care system. International Journal,

pages 1-5, 2011.

DL Hudson and ME Cohen. Use of intelligent agents in the diagnosis of cardiac
disorders. In Computers in Cardiology, 2002, pages 633—636. IEEE, 2002.



[14]

[15]

[16]

[17]

[18]

[19]

[20]

[22]

49

David Isern, Miquel Millan, Antonio Moreno, Gianfranco Pedone, and Las-
zlo 7 Varga. Home care individual intervention plans in the k4care platform.
In Computer-Based Medical Systems, 2008. CBMS’08. 21st IEEE International
Symposium on, pages 455—457. IEEE, 2008.

David Isern and Antonio Moreno. A systematic literature review of agents ap-

plied in healthcare. Journal of medical systems, 40(2):43, 2016.

David Isern, David Sanchez, and Antonio Moreno. Agents applied in health care:

A review. International journal of medical informatics, 79(3):145-166, 2010.

Nicholas R Jennings. On agent-based software engineering. Artificial intelligence,

117(2):277-296, 2000.

Gokce B Laleci, Asuman Dogac, Mehmet Olduz, Ibrahim Tasyurt, Mustafa Yuk-
sel, and Alper Okcan. Saphire: a multi-agent system for remote healthcare

monitoring through computerized clinical guidelines. In Agent technology and

e-health, pages 25-44. Springer, 2007.

Andrea Lancichinetti and Santo Fortunato. Community detection algorithms: a

comparative analysis. Physical review F, 80(5):056117, 2009.

Andrea Lancichinetti, Santo Fortunato, and Filippo Radicchi. Benchmark graphs
for testing community detection algorithms. Physical review FE, 78(4):046110,
2008.

Charles M Macal and Michael J North. Tutorial on agent-based modeling and
simulation. In Proceedings of the 37th conference on Winter simulation, pages

2—-15. Winter Simulation Conference, 2005.

Felicitas Mokom. Modeling the evolution of artifact capabilities in multi-agent

based simulations. 2015.



[23]

[24]

[25]

[26]

[27]

28]

[29]

20

Felicitas Mokom and Ziad Kobti. Effects of social inhibition on selection of

artifact capabilities. In FLAIRS Conference, pages 100-105, 2013.

A Moreno, A Valls, and D Riano. Palliasys: agent-based proactive monitoring
of palliative patients. In IV International Workshop on Practical Applications

of Agents and Multi-Agent Systems, pages 101-10, 2005.

Lin Padgham and Patrick Lambrix. Formalisations of capabilities for bdi-agents.

Autonomous Agents and Multi-Agent Systems, 10(3):249-271, 2005.
Talcott Parsons. Social system. Routledge, 2013.

Filipe Portela, Manuel Filipe Santos, José Machado, Anténio Abelha, and Alvaro
Silva. Pervasive and intelligent decision support in critical health care using
ensembles. In International Conference on Information Technology in Bio-and

Medical Informatics, pages 1-16. Springer, 2013.

Chris Riha. Growth of wireless technology in healthcare institutions. Biomedical

Instrumentation € Technology, page 43, 2006.

Ji Ruan, Wendy MacCaull, and Heather Jewers. Enhancing patient-centered
palliative care with collaborative agents. In Web Intelligence and Intelligent
Agent Technology (WI-IAT), 2010 IEEE/WIC/ACM International Conference
on, volume 3, pages 356—-360. IEEE, 2010.

Stuart Russell, Peter Norvig, and Artificial Intelligence. A modern approach.
Artificial Intelligence. Prentice-Hall, Egnlewood Cliffs, 25:27, 1995.

Arambam James Singh, Poulami Dalapati, and Animesh Dutta. Multi agent
based dynamic task allocation. In Agent and Multi-Agent Systems: Technologies

and Applications, pages 171-182. Springer, 2014.



[32]

51

Chuan-Jun Su and Chang-Yu Chiang. laserv: An intelligent home care web
services platform in a cloud for aging-in-place. International journal of environ-

mental research and public health, 10(11):6106-6130, 2013.

Christopher Tsavatewa, Philip F Musa, and Isaac Ramsingh. Integration of
footprints information systems in palliative care: The case of medical center of

central georgia. Journal of medical systems, 36(3):1511-1521, 2012.

Irfan Younas, Farzad Kamrani, Christian Schulte, and Rassul Ayani. Optimiza-
tion of task assignment to collaborating agents. In Computational Intelligence

in Scheduling (SCIS), 2011 IEEE Symposium on, pages 17-24. IEEE, 2011.



Vita Auctoris

Name: Nima Moradianzadeh
Place of Birth: Ahvaz, Iran
Year of Birth: 1985

Education: - Payam Golpayegan Higher Education Institute, B.Sc, Iran, 2012
- University of Windsor, M.Sc, Canada, 2017

52



	Extending External Agent Capabilities in Healthcare Social Networks
	Recommended Citation

	tmp.1497903847.pdf.BM4ex

