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Abstract

Healthcare is known as the coordinated delivery of medical services to individuals and
populations to ascertain their well-being. Healthcare resources are considered essential
assets for superior functional outcomes of a healthcare system. These resources help
healthcare organizations in decision-making and to improve the healthcare system to
achieve efficiency, equity, quality, and patients' trust. Planning of healthcare resources
for attaining sustainable and improved patient’s care is a major challenge for healthcare
administrators. Proper planning for optimum utilization of resources ultimately
promotes quality of services and reflects the healthcare provider's performance and
commitment towards patient care. Growing population is also contributing in the
increased demand of timely medical services. Since healthcare resources are inherently
limited, varying health needs generate disparities between increasing demand and the
healthcare delivery process, thereby affecting the utilization and efficiency of health
systems' resources and sustainability. Ultimately both health outcomes quality and
healthcare performance suffer a lot. Hence, there is a requirement of methods and
systems those can help in managing and utilizing healthcare resources to enhance
patient care and overall performance. Scheduling and optimization of healthcare
resources is an active research area now a days. Researchers working in the field of
Scheduling and optimization of healthcare resources study the needs of patients and
community, thereby explore how decisions should be made so that the demands of
medical services can be aligned. Analysis of healthcare data is carried out to gain
insights and making decisions for the overall management of resources. Researchers

have applied various soft computing and conventional computation methods for
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resource-related decision-making. In such data-driven analysis, evolutionary

computing methods add a firm hand.

In this thesis, we have focused on scheduling and optimization of healthcare resources
such as waiting list management, classification of patients and selection of healthcare
personnel using soft computing approaches. The overall objective of this research is to
develop a framework containing modules for surgical waiting list prioritization,

surgical patients clustering, and surgical team selection.

In this research, a decision-making model PSWL-CCI is proposed to prioritize patients
on the surgical waiting list. The proposed model addresses two critical issues: First, to
prioritize patients from the surgical waiting list. Second, to refine and optimize the
cosine consistency index (CCI) of inconsistent pair-wise comparison matrix (PCM) and
obtain consistent priorities. The cosine maximization method (CM) with the analytic
hierarchy process (AHP) is used to compute the priority of patients from the surgical
waiting list, and a hybrid algorithm, HMWCA (Hybrid modified water cycle
algorithm), is proposed to improve and optimize the cosine consistency index (CCI) of
inconsistent pair-wise comparison matrix (PCM). The proposed hybrid algorithm
exploits the features of three traditional algorithms, namely the evaporation-based
water cycle algorithm (ER-WCA), genetic algorithm, and 2-opt heuristic algorithm. In
the proposed algorithm (HMWCA), the concept of salt concentration and absorption is
applied to the evaporation rate of ER-WCA that improves the modified water cycle
algorithm (MWCA). The performance of the proposed algorithm is tested on different
inconsistent PCMs and compared with existing algorithms. The optimized CCI values
obtained by the proposed algorithm are validated through paired sample t-test also.

Finally, the proposed model is validated through a case study of a real patient dataset

Xiv



from an orthopedic surgery department of a multispecialty hospital in India. The
proposed model is compared with existing prioritization methods. The experimental
results reveal that the proposed model and associated algorithm significantly improve
the CCI values and generate optimum priorities for the patients of the surgical waiting

list.

Next, focusing on hospital’s existing surgical record management procedure (SRMP),
we have proposed an efficient clustering algorithm to arrange patients in the optimal
number of distinct groups on the basis of similarity of characteristics. The proposed
clustering algorithm is based on population-based metaheuristic artificial electric field
algorithm (AEFA) and is designed to deal with the mixed dataset. The proposed
algorithm utilizes real-encoded variable-length cluster representation scheme to
illustrate the candidate solution, which enables the algorithm to find optimal number of
clusters automatically. The concepts of threshold setting and cut-off ratio are used in
the optimization process to further refine the clusters. In the proposed algorithm,
similarity among data points and different cluster centers is measured using Euclidean
distance (for numeric attributes) and probability of co-occurrence (for categorical
attributes). The performance of the proposed algorithm is tested using real-life datasets
and compared with existing mixed data clustering algorithms on the basis of two
parameters: average accuracy and standard deviation. The proposed algorithm is
validated using an unpaired t-test also. Finally, the proposed algorithm is validated
using a case study of real postoperative surgical mixed data set obtained from the
surgical department of a multispecialty hospital in India. It is observed from the results
that the proposed clustering algorithm arrange the patients into optimal subgroups

efficiently.
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Finally, a decision-making model is proposed to select an optimal list of surgical teams.
The proposed model addresses two critical issues: First, to improve the existing surgical
history management system of a multi-specialty hospital (MSH), and second, to select
an optimal list of surgical teams for a new surgical patient. Therefore, two modules: the
surgical history management (SHM) module and the surgical team selection (STS)
module, are introduced in the proposed model. The SHM module aims to arrange
surgical patients into optimal sub-groups on the basis of similar characteristics. It helps
the STS module in the selection of the optimal list of the surgical team for a newly
referred surgical patient. In the STS module, a population-based meta-heuristic
algorithm (AEFA) for multi-objective optimization is proposed to select the optimal
surgical team. The performance of the proposed clustering algorithm is tested on real-
life datasets and compared with the existing clustering algorithm. Further, the
performance of proposed multi-optimization algorithm tested on benchmark functions
and compared with existing multi-objective optimization algorithms. Finally, the
proposed model is applied to a real postoperative surgical dataset from the orthopedic
surgery department of MSH in India. The experimental results show that the proposed

model proves its efficiency in selecting the optimum surgical teams for a patient.

Keywords: Multi-Criteria Decision-Making, Pair-wise Comparison Matrix, Cosine
Consistency Index, Water Cycle Algorithm, Genetic Algorithm, 2-Opt Heuristic,
Priority Vector, Data clustering, Meta-heuristic, Artificial electric field algorithm,
Distance measure, Mixed dataset clustering, Multi-objective optimization, Surgical

team, strength Pareto.
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Chapter 1

INTRODUCTION

his chapter presents introduction of a healthcare system, its components
and functional structure of a healthcare organization. Subsequently, the
classification of various healthcare resources and the importance of

resource optimization are discussed in detail.

Health is defined as a state of complete physical and mental well-being free from any
disease or debility™. Healthcare is known as the coordinated delivery of medical
services to individuals and populations to determine and improve their well-being. It
includes the maintenance and improvement of patient mental and physical health
through the diagnosis, treatment, and prevention of illness, injury, and other physical
and mental impairments. Healthcare pertains to a system known as the healthcare
system. The Healthcare system involves health care providers and resources that
provide health care services to meet the target population’s medical needs. The health
care providers are the organization or healthcare professionals responsible for
delivering healthcare services such as nursing care, outpatient department, emergency
care, surgical care, pharmacy and diagnosis, ward facility, etc. to the patients. An
authority administers a healthcare system is called health care management that
provides leadership and direction to providers to deliver personalized health services.

Advancements in the healthcare system have improved healthcare delivery as per




patients’ health needs, contributing to greater patient trust in the healthcare system. In
a growing population, hospitals’ primary concern is to provide quality healthcare
through the effective use of healthcare resources to satisfy patientst?. To deliver quality
services, hospitals implement various strategies ranging from efficient use of existing
infrastructure and resources to upgrading infrastructure, resources, and servicestl. An
overview of healthcare system is presented in Figure 1.1. Hospitals focus on care, cost,
and delivery and implement different strategies for patients to deliver quality services,
ranging from utilizing existing infrastructure and resources efficiently to upgrade the
infrastructure, resources, and services. Optimal resource utilization and well-scheduled
care delivery are seen as the future of the healthcare system[. It helps healthcare
organizations (providers) in enhancing the distribution and utilization of healthcare
resources to increase the service capacity, boost hospital performance, and minimize
access to healthcare services for patients. Researchers working in the field of healthcare
optimization and scheduling study the needs of patients or the community and explore
how decisions should be made so that the demands of the population can be aligned.
They are also studying hospital functional aspects and identifies the factors influencing
performance. The factors® influencing hospital performance and patient satisfaction
lay the foundation of various kinds of healthcare data analysis that can be conducted
using statistics and computational approaches. Healthcare data analysis is widely
utilized to gain insights about patients as well as the hospital to assist in healthcare
decision-making such as prioritized patient care, patients’ clustering, healthcare
personnel selection, etc. Researchers and scientists contribute to exploring the different
approaches that assist the healthcare system by making the optimal use of resources and
scheduling them effectively. In such data-driven analysis, evolutionary computing

methods add a firm hand.
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Figure 1.1: Components of healthcare system

1.1 Functional Structure of Healthcare Organization

Every healthcare organization, also known as healthcare providers, has a functional
structure to treat their patients. The structure (Figure 1.2) is discussed as follows:
1.1.1 Patients’ Check-In

Patients’ check-in is the process where patients register themselves with the healthcare

facility to receive health-related services. Patients are classified into the following type:

A. Inpatient

A patient who has to stay in the hospital for one or more nights or several days or weeks
or in certain severe conditions such as coma and day-to-day check-ups for many years

or until death is defined as an inpatient.



Surgery and
Anesthesia
Department

Patients’ Check-In

Registration Desk

Gynecology

Departments Department

Outpatient Inpatient Supporting Other
Department Department Departments Departments

(oPD) (I1PD)
\ \ /

Nursing
Healthcare Resources L Department

Figure 1.2: Functional structure of healthcare organization

Emergency
Department

B. Outpatient

An outpatient is a patient who visits the hospital without an intention to stay longer than
the length of the appointment.

C. Day Patient

A day patient is a patient who remains throughout the day in a hospital or clinic to
access medical services, such as minor surgery or other therapies. These patients do not
expect to stay in the hospital overnight.

1.1.2 Registration Desk

This level handles registration, admission of patients, billing, medical record,
computer-generated information, etc.

1.1.3 Departments

After registration, patients are referred to their respective departments for medical

4



consultation or treatment. A hospital contains various departments, according to its size
and capacity, are as follows:

(i) Outpatient Department (OPD)

This department treats all patients who visit the hospital, clinic, or associated facility
for diagnosis or treatment but do not require to stay there for overnight care.

(i) Inpatient Department (IPD)

This department offers care to patients who stay overnight or longer for medical treat

ment in the hospital.
(iii) Supporting Departments

It involves departments that provide supportive services, e.g., catering and food
department, laundry service, laboratory/pathology department, blood bank department

to inpatients.

(iv) Other Departments

It involves the surgery & anesthesia department, gynecology department, emergency

department, nursing department, etc.

1.2 Healthcare Resources

Resources are the key component of a healthcare system. All personnel, materials,
equipment, facilities, funds, and knowledge used to provide health care services are
called healthcare resources®. A healthcare system is always committed to delivering

quality health services to patients and relies on the availability of healthcare resources



to operate these services. Healthcare resources facilitate the running of the entire system
systematically and effectively overall. The more the healthcare system is equipped with
high-quality resources, the more it can provide its patients with outstanding care. The

healthcare resources are classified as follows (Figure 1.3):

Healthcare Resources

v v v v

Healthcare

Location of
care

Healthcare Medicinal Medical

Healthcare

Personnel Activity Product Device Funds

Figure 1.3: Classification of healthcare resources

1.2.1 Healthcare Personnel

Health care personnell”l are persons with special education in health care who are
closely involved with providing health care services. Physicians, surgeons, nurses,
nursing assistants, therapists, technicians, emergency medical service personnel, dental
personnel, pharmacists, laboratory personnel, autopsy personnel, students, trainees,
etc., involved in the healthcare system fall under this category. Whether or not directly
interact with the patients, these healthcare workers are involved in dispensing their
health-related medical advice, treatment, and diagnosis to patients. Further, individuals
who are not involved in patient care directly, such as clerical, housekeeping, dietary,
laundry, maintenance, billing, and volunteers, but employed in the healthcare system
are also known as healthcare personnel. Such personnel interact with patients but are

not involved in assisting any medical aspects.



1.2.2 Health Activity

Healthcare activity is defined as the process intended to improve or maintain the health
status of patients. Healthcare activities!® ¥ are classified as: 1) direct care and 2) indirect
care. Direct care involves activities in which healthcare personnel spends time with the
patient, e.g., consultation and counseling of patients, patient education, diagnosis, etc.
Indirect care involves activities performed on behalf of patients but doesn’t require
interaction with patients, e.g., Scheduling an activity, documentation, post-procedural

report generation, etc.

1.2.3 Medicinal Product

Medicinal products are defined as substances or combinations of substances intended
for the treatment, prevention, and diagnosis of illness to cure physiological functions

by pharmacological, immunological, or metabolic action.

1.2.4 Medicinal Devices

Medical devices are defined as any software, instrument, apparatus, machine,
appliances, implant, etc. intended to be used, alone or in combination, for human beings

for one or more specific purpose(s).

1.2.5 Healthcare Funds

In healthcare, the health fund is an account associated with any health insurance plan

for the patients that helps them pay for received healthcare services.

1.2.6 Location of Care

Location of care is defined as a place where patients are delivered healthcare services.
7



It involves operation theaters, diagnostic centers, ambulatory surgical centers, intensive

care units, etc.

Healthcare resources are considered to be crucial assets for various functional outcomes
of a healthcare system. It helps healthcare organizations in decision-making to reform
the healthcare system to achieve efficiency, equity, and quality. Efficiency implies
avoiding the overuse or misuse of the resource in the healthcare delivery process.
Equity is defined as the fair distribution of care process to the target population so that
everybody can have a reasonable chance to receive health services. Quality means
delivering care to patients safely and effectively when needed to improve health and
gain patients' satisfaction. Various computation methods, machine learning™ methods,
soft computing techniques, and analytic™! tools use healthcare resource data to gain
decisive insights to enhance healthcare organizations' performance. Active research on
health care resources has exploited its potential in exploring new research possibilities

to reform the healthcare system!*2131,

The aging population and varying health needs affect the sustainability of health
systems. Since health care resources are inherently limited, the utilization and
efficiency of resources are affected, resulting in disparities between increasing demand
and the healthcare delivery processi*# 131, Ultimately both health outcomes quality and
healthcare performance suffer a lot. Hence, it is required to develop methods or systems
that can help manage and utilize healthcare resources to enhance patient care and
healthcare performance. Different approaches have emerged in the last decade in the
direction of efficient management and utilization of healthcare resources!*s: 71,
Researchers are using various soft computing and conventional computation methods

for resource-related decision-making!*®?°l. Researchers are also developing
8



computation models/algorithms that can help efficiently manage healthcare resources

by prioritizing patient access, clustering of patients, and selecting healthcare workers.

1.3 Role and Application of Optimization in Health

care

Decision-making on resources and care delivery processes to sustain or increase care
quality is one of the fundamental challenges for healthcare operations management.
The right decisions promote the importance of service quality and reflect the healthcare
provider's commitment to patient care. Contrary, wrong decisions lead to irreparable
results on the quality of services and adversely affect healthcare providers'
performance. Optimization is among the several widely utilized operational research
management techniques to address such complex healthcare management problemst!,
Optimization is among the several widely utilized operational research management
techniques to address such complex healthcare management problems. Optimization
assists in decision-making by determining the best possible way to focus on the
healthcare delivery process. Scheduling and optimization help prepare, manage, and
utilize healthcare resources efficiently to ensure that the different healthcare delivery
phases align with the patient’s needs. Both Scheduling and optimization have been
widely used in several healthcare fields, ranging from planning the organizational level

of healthcare decisions to developing national healthcare policies.

1.3.1 Waiting-List Management

A waiting list is a queue of patients awaiting treatment. Waiting list management is a

part of appointment scheduling where patients in the queue are scheduled for treatment



in an appropriate order based on the patients' condition and healthcare availability so
that resources can effectively be used and patients' waiting times can be reduced. Since
the uncertainty in health care service time is a vital challenge in the healthcare delivery
process, optimization is utilized in waiting list management. Optimal waiting list
management involves minimizing waiting time, prioritizing patients, optimal utilization
of resources, etc. Considering surgical patients especially, the waiting time for a patient
to undergo surgery is a critical problem. When a patient is referred for surgery, he is
first examined and then admitted to an appropriate department. This type of admission
is known as “first come, first treatment,” where patients receive treatment based on the
time or sequence of their admission. However, patients with severe health conditions
get accommodated on a priority waiting list, which does not follow the “first come, first
treatment” basis. In simple words, each patient receives treatment on a priority basis.
Patients with high priority receive immediate medical attention in comparison to
patients with low priority. Prioritization of patients, according to their medical
condition, is a complex decision-making process in hospitals and medical institutions.
Assessing patients’ conditions on the waiting list and providing them with the
appropriate medical facilities on a priority basis are two critical issues. The prolonged
waiting period often deprives patients of timely medical attention, which further
exacerbates their condition. Besides, it is a traumatic experience for the friends and
family members of the patients as they witness the patient fight the agony of the
prolonged waiting period. Prolonged waiting time detriments the health of a patient.
Over the past few years, the waiting time has emerged as a critical issue in north-
western and north-eastern countries. Patients on waiting lists could not be treated
immediately for various reasons. It includes the lack of medical resources (surgeons,

doctors, and nurses), long waiting queues, and poor management of waiting lists.
10



Subjective errors and inappropriate assessment of the patients’ medical condition were
two reasons for the poor management of the waiting list. Existing prioritization methods
such as a priority scoring system[?!, homogeneous waiting group approach?, and
analytic network process?®! guided doctors on how to perform priority-based decision-
making. Although existing priority assessment systems have proven useful, these
systems display irregularities in the evaluation of priorities. Some prioritization systems
show uncertainty in the judgment of decision-makers?l. Some methods help health
care providers in better decision-making!?>l. Moreover, some of these systems neither
support group decision-making!?®! nor provide relationships between criteria®” related
to priority evaluation. A brief review of the shortcomings of the currently existing

systems is provided in the literature!?®l,

1.3.2 Surgical Patient Clustering

Surgical patient clustering is defined as a process of arranging the patients into distinct
groups based on their similarity of characteristics. These characteristics include age,
gender, body mass index (BMI), American Society of Anesthesiologists (ASA) fitness
grade, etc. For multi-specialty hospitals, where an enormous number of patients receive
their surgical care, it is quite challenging to manage the surgical records efficiently.
Efficiently managed surgical records help hospitals to improve patients care and

monitoring to enhance the efficiency of resources within the hospital.

Data clustering is a data analysis approach that arranges unlabeled data into different
groups based on a similarity measure. Each group is called a “cluster,” which shows
similarity among the data in it and differs from the set of data in other clusters.

Clustering is most widely used in those disciplines where multivariate data analysis is
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required. In recent years, cluster analysis has played a significant role in the distinct
domains of various fields such as engineering, life, and medical sciences, earth
sciences, and economicst?® 3% 31, The elementary problem of the clustering analysis is
to accurately determine the approximate number of clusters, as this number influences
the clustering outcomes to a large extentl®?. Clustering algorithms are classified into
two main categories: partitional clustering®®! and hierarchical clustering®*. The
hierarchical clustering arranges data points in a hierarchical tree structure based on the
homogeneity among the data points. It overlooks the shape and size of the formed
clusters. Further, this clustering allocates a single cluster to a data point that renders the
cluster structure static. Contrary, partitioning clustering analyzes the dataset and
organizes data points into clusters based on the similarity among data points. The
partitioning clustering aims to optimize a global criterion involving minimizing the
similarity among the elements within a cluster and maximizing the disparity between
different clusters. Although both of these algorithms prove their usefulness and
performance in various domains, both still have some critical limitations. The efficacy
of these algorithms depends on the foreknowledge of the number of clusters present in
the datasets. Since different datasets, especially in real-world applications, have diverse
patterns, cluster analysts lack information on how many appropriate clusters exist in
the dataset®%]. Hence, these algorithms that require the cluster number as an onset
parameter cannot be used effectively. Since most real-world datasets do not have class
labels, there are no specific criteria for directing clustering analysis. It is considered a
major limitation of the dataset, which makes it a challenging task to find a suitable
number of clusters. Therefore, determining the optimum number of clusters in a data
set has become an essential research issue to address such limitations. In recent years,

the concept of the automatic clustering method has been used to overcome this
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limitation in clustering. Automatic clustering is defined as an analytic process of
determining a suitable number of clusters in the dataset, irrespective of any prior
knowledge related to the dataset®®]. Several automatic clustering algorithms, mostly
inspired by natural phenomena, involving genetic algorithm (GA)E7 381 particle swarm
optimization (PSO)B® 49 gravitational search algorithm (GSA)M 421 differential
evolution (DE)“3l bacterial evolutionary algorithm (BEA)X4 and bee colony
optimization algorithm (BCA)¥> 461 etc., are introduced in recent years. In these
algorithms, clustering is considered an optimization activity, aiming to maximize the
similarity among a cluster's data and maximize the disparity among disjoint clusterst"l.
These algorithms have proven their higher convergence speed and efficacy in producing

quality outcomes not only in optimization but also in clustering analysis.

1.3.3 Capacity Planning

In health care, capacity planning involves decisions related to three types of resources:
healthcare workforce, diagnostic or surgical equipment, and facilities such as beds,
ambulance, etc. Focusing on the healthcare workforce, capacity planning is an
important process in surgical decision-making. To meet patients' demands, enhance
surgical outcome quality and patient satisfaction, optimization assists capacity planning

to optimize and acquire these resources.

Considering the healthcare workforce, during a preoperative procedure, surgical team
members, surgical specialty and experience, and coordination among the members play
essential roles*®l. Although various factors“®l can affect surgical procedures, positive
outcomes mainly depend on the individual surgical team members. Appropriate

coordination and cooperation among those can reduce unavoidable conflicts during the
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procedurest®. Hence, the selection of an optimal surgical team is indispensable for a
rapid patient recovery, decreased complications, and more favorable surgical
management. However, the selection process is a considerably time-consuming and
difficult task®%. In recent years, several studies have examined the performance of
surgical team members. Many vital factors, such as understanding diagnostic
complications and patient characteristics, and the surgical practice environment, can
result in more satisfactory outcomes. In the field of medicine, appropriate management
of surgical care is a difficult task®* 2 as most surgical complications occur during intra
operative surgical carel®®l. An efficient team can help in providing effective healthcare
servicest®. Hospitals and physicians always focus on providing a safe environment for
patients and enhancing their well-being®®. A study investigated human factors
associated with operating rooms and analyzed the relationship between their poor
performance and the surgical procedures outcomes®* %€l Similarly, several studies
adopted approaches such as malpractice claim analysis®” 8, root cause analysis®® ¢°,
and prospective analysis!®® 521to reduce intraoperative surgical complications. Although
these studies tried to analyze the relationship between the performance of operating
room and outcomes of surgery, however, contribution of significant factors affecting
the performance of operating room were not considered®®. Studies examining factors
such as teamwork in the operating room!®3 %41 trauma carel®®, and intensive caref®
focused on the effect of coordination and synergy among surgical team members. These
studies have indicated the necessity and significance of surgical team selection
procedure. As performing surgical procedures is often a risky and uncertain task,
therefore high synergy is always expected among team members possessing different
levels of experience and expertise. Various factors such as availability of surgeons,

limitation of resources, and time etc. affect the surgical team selection in a
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multispecialty hospital; thus, selection of the surgical team is a challenging task!®". In
a surgical team, different responsibilities are assigned to different individualst®l. As the
responsibilities and the individuals to whom responsibilities are assigned change
frequently with time, thus selecting an efficient team for the desired activity,
considering time and resource limitation, becomes a complicated procedure!®®. All the
aforementioned studies have focused on personnel preferences for the day, shift, and
units. However, none of these studies have considered the history of the surgical team,

characteristics of patients, and feedback of patients who underwent surgery in the past.

1.4 Thesis Organization

The thesis is organized as per the following chapters:

Chapter 1: Introduction

This chapter introduces healthcare, its functional structure, and its resources.
Subsequently, the classification of healthcare resources and the role of
optimization in healthcare are discussed in detail. Further, some applications of

optimization in managing healthcare resources are discussed in this chapter.

Chapter 2: Literature Survey

This chapter presents a detailed review of the literature related to approaches

available for scheduling and optimization of healthcare resources.

Chapter 3: Problem Formulation

This chapter discusses the research gaps, defined research objectives, and

methodology adopted. The research gaps are identified from the existing
15



literature related to patient prioritization, patients clustering, and surgical team
selection. By considering these gaps, four research objectives are identified for
healthcare resource optimization and scheduling. The third objective is further
divided into three sub-objectives: patient prioritization from the surgical waiting
list, postoperative surgical patients clustering, and optimal surgical team
selection. Additionally, the methodology used for achieving various objectives

is given in detail.

Chapter 4: Prioritizing Patients from the Surgical Waiting List

This chapter discusses challenges related to patient prioritization usually faced
by surgeons while attending patients who are waiting for surgery. It explains the
proposed decision-making model to prioritize patients of the surgical waiting
list. The proposed model addresses two critical issues: First, to prioritize patients
from the surgical waiting list. Second, to refine and optimize the cosine
consistency index (CCI) of inconsistent pair-wise comparison matrix (PCM) and
obtain consistent priorities. The perception of surgeons for identified parameters
in the term of rating is considered to determine priorities from the given surgical
waiting list. The cosine maximization method (CM), along with the analytic
hierarchy process (AHP), is used to compute the priority of patients from the
surgical waiting list. To improve the inconsistent pair-wise comparison matrix
(PCM), a novel hybrid algorithm, HMWCA (Hybrid modified water cycle
algorithm), is proposed and incorporated in the model. The proposed algorithm
exploits feature of three traditional algorithms, namely evaporation-based water
cycle algorithm (ER-WCA), genetic algorithm, and 2-opt heuristic algorithm.

The performance of the proposed algorithm is tested on different inconsistent
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PCM and compared with existing algorithms. The optimized CCI values
obtained from the proposed algorithm are validated through paired sample t-test
also. Finally, the proposed model is validated through a case study of a real
patient dataset from an orthopaedic surgery department of a multispecialty
hospital in India. It is shown through the experimental results that the proposed
model and associated algorithm significantly improve the CCI values, thus

generate optimum priorities for the patients of the surgical waiting list.

Chapter 5: Cluster Analysis of Surgical Patients

This chapter focuses on finding the similarities among the surgical patients and
discusses the proposed clustering algorithm for this purpose. The proposed
algorithm is based on a population-based metaheuristic algorithm called
artificial electric field algorithm (AEFA) and deals with the mixed datasets. This
algorithm aims to cluster surgical patients into optimal partitions. The proposed
algorithm utilizes (i) a real-coded variable-length candidate solution to detect
the optimal number of clusters automatically, (ii) the concepts of threshold
setting and cut-off ratio in the optimization process to refine the clusters, and
(iii) Euclidean distance (for numeric attributes) and the probability of co-
occurrence of values (for categorical attributes) for measuring the similarity
between data points and different cluster centers. The proposed algorithm is
compared with existing mixed dataset clustering algorithms and validated on
publicly available real-life datasets, namely, heart disease, credit approval, iris,
and soybean using two robustness measures: average accuracy and standard
deviation. The proposed algorithm is applied to a real postoperative surgical

mixed dataset obtained from a multispecialty hospital's surgical department.
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Results show that the proposed algorithm outperforms the existing mixed dataset
clustering algorithm and organizes the surgical patients into an optimal number

of partitions.

Chapter 6: Optimal Surgical Team Selection

In this chapter, considering the challenge of the selection of a surgical team
faced by multispecialty hospitals (MSHS) in the healthcare system, a decision-
making model is proposed to select the optimal list of surgical teams for a
patient. The proposed model deals with two critical issues; (i) to improve the
existing surgical history management system by arranging surgical patients into
optimal sub-groups, and (ii) based on optimal sub-groups, select an optimal list
of surgical teams for a new surgical patient. Two population-based meta-
heuristic algorithms for clustering of mixed dataset and multi-objective
optimization are proposed for arranging surgical patients into optimal sub-
groups and optimal surgical team selection. The proposed model is validated
through a real postoperative surgical dataset from an MSH orthopedic surgery
department in India. The experimental results show that the proposed algorithms

prove their efficiency in selecting the optimum surgical teams for patients.

Chapter 7: Conclusion and Future Directions

This chapter concludes the thesis by providing a brief overview of the proposed

framework/algorithms and provides insight into the future work scope.
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Chapter 2

LITERATURE SURVEY

his chapter presents a detailed review of the literature related to
computational approaches for prioritizing patients from the surgical
waiting list, cluster analysis of surgical patients, and optimal surgical team
selection. Section 2.1 presents a comparison of existing prioritization methods. Section
2.2 shows a comparative summary of existing clustering algorithms. Section 2.3

provides an overview of existing methods used in surgical decision-making.

2.1 Prioritizing Patients from the Surgical Waiting
List

One of the most complex tasks for medical practitioners is to evaluate patients' priority
for treatment!®®, Generally, patients whose conditions demand urgent intervention by
doctors or who claim their position in the priority list were assigned priorities. Some of
the researchers!?> 7% 71. 721 proposed that ascertaining the severity of medical conditions
helps determine the patients' priority. A proper scoring system was used to help
ascertain which patients need to be treated on a priority basis. A scoring system was a
procedure in which weights were assigned to symptoms of a disease. Patients were then
prioritized by associating them with the symptoms of certain diseases and determine
the severity of their condition. A comprehensive study was conducted to assess which

patients need to be given priorityl®l. This study used a model that was designed for
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elective surgery and relied on two essential factors; clinical urgency and the waiting
time of each patient. Moreover, researchers were giving importance to scoring systems
and urgency-rated groups to evaluate patients on a priority basis?!l. Several studies
evaluated patients’ priority by using medical data of patients requiring organ
transplantst? 27 74 75, 761 - coronary artery bypass grafting surgery”), and trauma
surgeryl® as well as patients in the intensive care unit’®. Recently, a study was
conducted on surgical patient prioritization using AHP and the analytic network
process. For priority evaluation of patients, a pair-wise comparison matrix was
implemented®??. All these researches helped in identifying a good number of
approaches to determine priority. These included the weighted least squares (WLS)
method®, Eigenvector (EV) method®Y, Additive normalization (AN) method!®?],
Logarithmic least squares (LLS) method®, Eigen weight (GE) method and Least
distance (LD) approximation method®¥, and Fuzzy preference programming (FPP)
method™®l. The different prioritization methods produced varying results as each of
them perform differently®® 84, For instance, for measuring consistency, prioritization
methods such as LLS, WLS, FPP, and EV showed better performance than goal
programming (GP). In the case of measuring conformity, WLS, GP, LLS performed
better than FPP. Similarly, LLS showed minimum violation and performed better than
the rest of the prioritization methods. Henceforth, it is not easy to identify the best
method that can perform well in all scenarios (Table 2.1). It makes clear that
determining the superiority of prioritization methods is a challenge. In a PCM, the
consistency and reliability of derived priorities are of extreme importance. If the PCM
is inconsistent, it may result in inconsistent priorities; however, several methods exist
to solve inconsistent multiplicative preferencel®:87:88.81 Tq pring improvements in the

cosine consistency index in AHP, G. Khatwani, and A. K. Kar focused on the maximum
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deviated element in inconsistent PCM[. Similarly, ACO was combined with AHP to
bring improvements in inconsistent PCM[®%, Two main aspects that were the focus of
the study included consistency threshold and distance between modified PCM and
original PCM. Further, the consistency was improved by S. Siraj et al. to detect and
remove the intransitive in comparison matrices®”). The inconsistent matrix was
modified by Ergu et al. with the help of proposed induced matrix to identify the
elements leading the matrix to be inconsistent’®. Consequently, they proposed to
change the elements to obtain a consistent matrix. However, they decided not to change
most of the elements of matrix except the entries that were suspected of making the
matrix inconsistent. In addition to this, the use of an intelligent algorithm to modify an
inconsistent matrix was a common research trend. The genetic algorithm (GA)[® %4
was used to obtain the consistent matrix. Recently GA was utilized, with deep
learning!®! for parameter optimization®®! and weight optimization®”], for cancer
classification and detection. To modify inconsistent matrices, particle swarm
optimization (PSO) was combined with the Taguchi method®®. Two important aspects
were also deduced by Lin et al. ®¥ and Yang et al. 8. This included the distance
between modified and original matrix, also known as difference index (D;), and the
eigenvalues were close to number of comparison elements, max = n. In order to
minimize the overall index (OI), these aspects were integrated with the objective
function. It is worth mentioning here that no significant consideration was given in the
methods discussed above to find the lowest different matrix between the original
(inconsistent) and modified (consistent). Although GAP4 and PSO®® methods reduced
the difference index, they do not help in getting the optimal difference index. Further,
the above-mentioned methods have proven their usefulness still these method lacks

potential in modifying inconsistent matrices. Most of these methods suffer from high
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computational time, high deviation between original and modified matrix, and need
maximum number of iterations to satisfy the objective. Therefore, focusing on the fact
that the matrix is more important if it is closer to the original matrix and the consistency
of the matrix is acceptable, there is a need to develop an effective algorithm to modify
the incompatible matrix. In a recent study, the water cycle algorithm (WCA)®® has
emerged as an intelligent nature-inspired optimization algorithms. There has never been
any research to modify the inconsistent pair-wise comparison matrix by using WCA.
WCA is considered to be a reliable tool to solve different optimization problems,
including traveling salesman problem (TSP)% clustering[!, and scheduling®?. A

comparative summary of the existing prioritization methods presented in Table 2.1.

2.2 Clustering Analysis of Surgical Patients

K-means is a center-based clustering approach widely used in the partitioning of the
data set due to its simplicity and efficacy. The major drawback of the k-means algorithm
is its dependency on an initial number of cluster centers and its faster convergence to
the local optimal® 1051 Although several clustering algorithms%-1%l have been
proposed to prevent a solution from being stuck in the local optima, the reliance of the
algorithm on prior cluster number information and its adverse effect on clustering
performance has emerged as an issuel®2, For addressing this issue, several
optimization algorithms have been adapted to implement automatic clustering analysis.
The first-ever contribution toward automatic clustering was based on evolutionary
computing, called EP-clustering™!®l. EP-clustering aimed to minimize the DB and
WGS indices to improve the efficiency of exploration and exploitation. EP-clustering
algorithm produced better results as compared K-means algorithm when implemented

on real-life datasets. In recent years, Chen et al. ™4 introduced a GEP-cluster algorithm
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Table 2.1: Summary of existing prioritization methods

Author (s)

Objective/Work Done

Performance
parameters

Technique
proposed/Used

Research gap(s) Identified

Testi et al.[2l

Mariotti et al.[?%]

Rahimi and

Jamshidif?®l

Rahimi et al.[24

Mikhailov!?®]

Determined the priority of each
surgical patient from the waiting list
and the relative order of admission
based on urgency

Improved the prioritization of
outpatients waiting for a specialist or
a diagnostic test

Prioritized organ transplants sur-
gical patients on the waiting list

Prioritized elective surgical patients
considering risk and uncertainties

Evaluated the priority vector from a
pair-wise comparison matrix (PCM)

Prioritization scoring 1. Efficiency of
algorithm algorithm
2. Equity of algorithm

Homogeneous waiting Number of referrals
time groups approach

Analytic network Robustness

process

1. AHP Sensitivity analysis
2.Data envelopment

analysis

Fuzzy Programming Euclidean distance
method

This study lacks validation of
proposed urgency assessment

This study focused on outpatient’s
referral only and not considered
inpatients

Uncertainties were found between
the judgments of decision-makers
and converted crisp values

Vagueness and inherent
uncertainties found with the
judgment of decision-makers

This study lacks an interval
comparison  between  fuzzy
programming and group decision-
making
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Lin and Harris!?"!

Lack et al.['1]

Al-Ebbini et al.[®]

Khatwani and
Karl?

Girsang et al.[*!

Kou and Lin(103]

Designed a framework to prioritize
patients for organ allocation

Proposed a point scheme to prioritize
elective patients from the waiting list

Determined which potential
recipients would receive a lung for
transplantation as it becomes
available

Improved cosine consistency index
for the analytic hierarchy process for
solving  multi-criteria  decision-
making problems

Proposed algorithm to modify an
inconsistent  pair-wise  weighting
matrix in AHP

To evaluate the priority vector from
PCM in AHP

Analytic hierarchy
Process

1. Priority scoring
system
2. Point scheme

The  fuzzy
allocation system

lung

1. Weighted arithmetic
mean (WAM)

2. Weighted geometric
mean (WGM)

Ant Colony
Optimization with
AHP (ANTAHP)

Cosine maximization
method (CM)

Sensitivity analysis

1. Waiting time

2. Efficiency

Accuracy

Consistency index

1. Consistency ratio
2. Difference index

1. Euclidean distance
2. Minimum violation

This study lack interaction among
different  factors  (efficiency,
equity, urgency)

The proposed system was more
susceptible to favoritism in
priority decision making

It only mimicked real cases
observed at UNOS (United
Network for Organ Sharing) and
was not intelligently adapted to
new cases

This study not considered the
deviation between the modified
PCM and the original PCM

The proposed algorithm is hard to
implement when the original
opinion of decision-makers needs
to be retained

The proposed approach is limited
to derive priorities from complete
and precise PCM only
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based on gene expression!**! programming for the automatic clustering of data. GEP-
cluster comprises clustering algebra as a new concept for identifying the best cluster
with no prior knowledge and an automatic merging clustering algorithm for merging
clusters automatically. The results indicated that the GEP-cluster algorithm is found
noise sensitive as well as incompetent to high-dimensional datasets. Lee and
Antonsson™®! introduced evolutionary strategy-based clustering, also called, ES-
clustering for automatic clustering of data. In ES-clustering the initial population is
encoded using genomes of variable-length and (10 + 60) ES selection strategy, and an
improved mean square error is selected as a fitness function. Tseng and Yang™’]
introduced an automatic clustering, called CLUSTERING, based on GA. In
CLUSTERING, the data points are grouped into the small clusters using the nearest
neighbor clustering method, then by GA, and using a difference between the WGS and
BGS indices as the fitness function, all small clusters are combined to a larger cluster.
Finally, a heuristic strategy is implemented to determine the cluster partition. The
results revealed that the CLUSTERING algorithm outperformed when compared with
K-means, complete-link, and single-link. Bandyopadhyay and Maulik!*®] proposed a
nonparametric VGA-clustering algorithm. In the VGA-clustering algorithm, a variable-
length encoding is utilized for encoding chromosomes, composed of cluster
coordinates, in the population, and the I-index is used to compute the fitness of each
solution. The algorithm is evaluated on real-life datasets and produced an appropriate
number of clusters. Bandyopadhyay and Sahal**®! introduced a variable length and
point-symmetry-based genetic clustering algorithm (VGAPS) for the automatic
partitions of the dataset. The algorithm utilized point symmetry (PS)-based distance as
a similarity measure and the Sym-index for fitness computation. The experimental

analysis revealed that the VGAPSA produced better results. Liu et al.®! presented an
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automatic clustering algorithm based on the GA, also called AGCUK. This algorithm
aimed to determine cluster partition in the absence of the prior number of clusters. The
algorithm adopted a real-code variable-length representation for encoding cluster
centers in chromosomes and utilized DB index to compute the fitness of an individual
solution. This algorithm produced better outcomes in terms of the misclassification rate.
Ahmad and Dey!*?"! proposed K-means for the mixed (numeric and categorical) dataset
and outperformed the K-means algorithm. K-harmonic mean with mixed data set was,
also called KHMCMD, proposed by Ahmad and Hashmil*?!l to cluster the mixed
dataset. KHMCMD was found competent in producing satisfactory clustering outcomes
in comparison to the K-means algorithm. Chang et al.[*??! suggested an algorithm for
automatic clustering. The algorithm adopted dynamic niching GA with niche migration
to automatically determine the cluster centers and the number of clusters. The algorithm
is compared with species-conserving GA (SCGA) and the dynamic fitness sharing
(DFS)[*221 algorithms using real-life datasets. It outperformed the compared algorithm
in terms of determining a suitable number of clusters. A framework called ETSAsS,
based on tabu search, and genetic operators, is proposed by Pan and Cheng!*®! for
automatic clustering. The framework determines the optimal number of clusters
utilizing an evolutionary approach to produce a competition population by utilizing two
parallel reproduction processes. Based on the DE approach, an automatic clustering
algorithm, and called ACDE, is proposed by Das et al. 3. Each individual is encoded
as a real value vector in the proposed algorithm, containing the activation threshold
linked to the cluster centers. ACDE performed better in terms of classification error.
Das et al.[*l proposed an automatic clustering algorithm based on a bacterial
evolutionary algorithm called (ACBEA). The proposed algorithm consists of two

operations: bacterial mutation and the gene transfer operation for population
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generation. These two operations are modified for managing the variable length in a
chromosome that encodes cluster centers. Further, the fitness of each individual is
computed using the CS index. Omran et al.l*?! proposed a PSO-based dynamic
clustering approach (DCPSO) for imagel'?> 1261 segmentation. In the algorithm, the
“best” number of clusters is selected using binary PSO. Then, the K-means is
implemented to refine the chosen clusters. The results showed that DCPSO produced
suitable cluster numbers. Cural*?”! introduced a novel PSO clustering algorithm, called
CPSO, that determines the number of clusters in both scenarios, whether the number of
clusters is known, respectively. Further, two fitness functions are used in the algorithm:
WGS index when the number of clusters is specified and the difference between the
BGS and WGS indices when the number of clusters is unknown. The CPSO produced
better results in terms of cluster quality. Chowdhury et al.'?® proposed an IWO-
clustering for the automatic evolution of clusters. In this algorithm, the weed strings
representing the population and encoding cluster centers are encoded using a variable-
length encoding approach. Further, a modified Sym-Index is used as the fitness function
in this algorithm. Kumar et al.*Y introduced a gravitational search-based automatic
clustering algorithm for image segmentation. This algorithm adapted a variable-length
approach for encoding the cluster centers to detect the number of clusters automatically.
The algorithm produced optimally compacted and well-separated clusters. V. Kumar
and D. Kumar™! proposed an automatic clustering and feature selection algorithm
based on the GSA. This algorithm aimed to produce an optimal number of clusters and
to select relevant cluster features at run time. The algorithm utilized a modified I-index
as fitness computation. The algorithm produced better results in terms of classification

accuracy. A summary of the existing clustering methods is presented in Table 2.2.
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Table 2.2: Summary of existing clustering methods

Author(s) Objective/Work Done Technique Performance Parameters Research Gap(s)
proposed/Used Identified
Liu et al.l] Proposed an automatic clustering Automatic genetic 1. Degree of population The algorithm is limited to
algorithm based on the genetic clustering for unknown K diversity either numeric or
algorithm (AGCUK) 2. Degree of selection categorical datasets only
pressure
3. Average and standard
deviation of DB-index
4. Average and standard
deviation of the number
of clusters
Kumar Proposed an automatic data Automatic clustering using 1. Within-cluster variation  The algorithm is limited to
et al.[41 clustering for image segmentation ~ gravitational search 2. Trace numeric attributes only
using gravitational search algorithm algorithm (ACGSA)
Kumar V. Proposed an automatic data Automatic clustering and 1. Silhouette index The algorithm is limited to
and clustering and feature selection feature selection using 2. Classification error either numeric or

Kumar D.[*4

using the gravitational search

algorithm (GSA)

gravitational search
algorithm (GSA_CFS)

categorical datasets only
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Das et al.[*3]

Das et al.[*4]

Sarkar et al.[*13]

Chen et al.[t14

Lee and
Antonsson(*1¢]

Tseng and
Yang[“”

Proposed an automatic clustering
algorithm using an improved
differential evolution algorithm

Proposed an automatic clustering
algorithm based on the bacterial

evolutionary approach

Proposed data clustering based on

evolutionary programming

Proposed an automatic clustering
algorithm based on gene expression

programming

Proposed a dynamic clustering
algorithm based on evolutionary

strategy approach

Proposed an automatic clustering
algorithm using genetic algorithm

and heuristic strategy

Automatic clustering DE
algorithm (ACDE)

Automatic clustering using
the bacterial evolutionary
algorithm (ACBEA)

EP-clustering

1. GEP-cluster algorithm
2. Automatic merging
cluster algorithm

Evolutionary

strategy-based clustering
(ES-clustering)

CLUSTERING

1. Mean classification
error
2. Standard deviation

1. CS-measure
2. Inter-cluster distance
3. Intra-cluster distance

DB-Index

1. Mean square error
2. Success rate

Heuristic mean square
error

The average distance from
the cluster center

The algorithm is limited to
either numeric or
categorical datasets only

The algorithm is limited to
either numeric or
categorical datasets only

This algorithm is sensitive
to the initial cluster
number, and limited to
numeric attributes only

This algorithm is sensitive
to noise and found
efficient for high-
dimensional data

The efficacy of the
proposed algorithm is not
tested on high-
dimensional data

The algorithm did not
focus on mixed datasets
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Bandyopadhyay Proposed a point symmetry-based

and Sahal!!

Ahmad and
Dey[120]

Chang et al.[??l

Pan and
Cheng[?]

Curalt?

Chowdhury
et al.[128]

genetic clustering algorithm for
automatic partitioning of data

Proposed K-mean clustering
algorithm for the mixed data type

Proposed an automatic clustering
algorithm based on dynamic niching
and niche migration

Proposed a framework for automatic
clustering algorithm based on tabu
search and genetic operators

Proposed a data clustering algorithm
using enhanced particle swarm
optimization (PSO)

Proposed an automatic clustering
based on invasive weed
optimization (IWQ) algorithm

Variable-length point
symmetry-based genetic
clustering algorithm
(VGAPS)

K-mean clustering for mixed

dataset (KMCMD)

Dynamic niching and niche
migration clustering DNNM

clustering)

An evolution-based tabu
search app-roach (ETSA)

Enhanced particle swarm
optimization-based

clustering (EPSO-clustering)

IWO-clustering

1. Minkowski score
2. Sym-index

1. Micro-precision
2. Micro-recall

1. The average number of
niches
2. Standard error

1. Cluster validity index
2. (PBM-index) value

1. Error rate
2. Intra-cluster distance
3. Inter-cluster distance

Minkowski score

This algorithm is focused
on point-based symmetry
only, and limited to either
numeric or categorical
data only

The cluster center
initialization problem
persists

The algorithm is sensitive
to the size of the initial
population

The algorithm is limited to
either numeric or
categorical datasets only

Robustness decreases
when dealing with
problems where the
numbers of clusters are
unknown

The algorithm is limited to
either numeric or
categorical datasets only

30



2.3 Optimal Surgical Team Selection

In a modern healthcare system, the provision of high-quality surgical services typically
depends on symptoms of various patients. Classifying patients on the basis of their
symptoms assist the decision-makers in identifying the target patient and making
corresponding remedial decisions™?®l. In recent years, several methods have been
proposed by the authors for clustering of patients. One of the studies used k-means
clustering algorithm to partition the patients based on their health status*2° 3%, Another
study used a multilayer clustering approach for partitioning of Alzheimer disease
patients into male and female groupst*®!. In addition, few studies have used
agglomerative hierarchical clustering for partitioning of patients*3? based on presence
of comorbidities such as chronic pain & mental illness; obesity & mental illness; cancer;
diabetes & renal disease!*33l. A Bayesian nonparametric clustering approach was
applied to divide patients having cancer into sub-groups to measure their anxiety and
depression scores before psychotherapy™4. Further, in a study authors proposed a
hierarchical clustering algorithm incorporating genetic concept for partitioning the
patients with or without depression™®!, Furthermore, many intelligent nature-inspired
algorithms have also been proposed for data clustering. A study proposed a hybrid
algorithm combining particle swarm optimization (PSO) and artificial bee colony
(ABC) algorithms for data clusteringf*®!. Additionally, K-means (KMCMD)®?% and
K-harmonic means (KHMCMD)!2U clustering algorithms have been used for
performing clustering of mixed datasets. The functioning of most of these clustering
algorithms are dependent on the predefined number of clusters. However, in real-life

problems, for most of the datasets the number of clusters is not known beforehand.
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Hence, the accurate estimation of an optimal number of clusters is a challenging task,
and can affect the performance of a clustering algorithm also. Therefore, several
algorithms, such as the gravitational search algorithm®: 421 harmony search
algorithm!®®land differential evolution algorithm™, have been proposed for
automatic clustering to address the aforementioned challenge. Automatic clustering
algorithms require no prior information regarding the number of clusters. Instead, they
evaluate the optimal number of clusters based on the dataset only. Furthermore, the
quality of surgical care and the outcomes of patients depend on the performance of the
surgical team. A recent study proposed a methodology to select a suitable surgical team
based on patient characteristics®!. The proposed method utilized k-prototypes
algorithm for partitioning of patients and genetic algorithm (GA) for the selection of
optimal surgical team. Although the study reported favorable outcomes, it focused only
on the complication ratio for the surgical team selection. However, the success of a
surgical procedure depends on various factors also such as a lower surgical readmission
rate, lower mortality & complication rates, and higher patient satisfaction (surgical
feedback) etc. Therefore, there is a need to attempt a modest contribution by focusing
the feedback of patients who underwent surgery in the past along with complication
rates to select an optimal surgical team. Further, the GAI 39 ytilized by®™ is likely
to experience premature convergence and diversity loss. In addition, Srinivas and
Deb Gu et al.[**Y, Hassanzadeh and Rouhani™*?, Yuan et al.[**3l, and Nobahari et
al.'* have proposed several meta-heuristic approaches to prevent premature
convergence. These algorithms have been found efficient in finding the optimal
solution in a single computation. A summary of the existing work related to surgical

decision-making is presented in Table 2.3.
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Table 2.3: Summary of existing methods used in surgical decision-making

Author(s) Objective/Work Done Technique Performance parameters Research gap(s)
proposed/used Identified
Gamberger To partition patients with A multilayer clustering Clinical dementia rating The segmentation of
et al.lt3 Alzheimer disease into approach score patients with cognitive
homogeneous subgroups problems was not
considered
Li et al.[t*4 To partition patients with cancer Bayesian nonparametric Within cluster contrast The proposed algorithm

Yu et al.[%]

Karthikeyan and
Christopherf*3®l

Ahmad and
Hashmi2!

Kumar et al.[37]

into subgroups for measuring their
anxiety and depression scores

To identify the subgroups of
patients with and without
depression

Proposed hybrid PSO and ABC
algorithm for data clustering

Proposed k-harmonic mean for
mixed data

Proposed automatic data clustering
using an adaptive harmony search
algorithm

clustering approach

1. Hierarchical clustering
based on the genetic
concept

2. Distance matrix

Hybrid PSO and ABC

K-Harmonic
clustering algorithms

Adaptive harmony search
algorithm

1. Approximately unbiased
probability value

2. Bootstrap probability
value

1. Accuracy
2. Classification error per-
centage

1. Intra-cluster distance
2. Inter-cluster distance

1. Inter-cluster distance
2. Intra-cluster distance
3. Trace

was sensitive to the
initial sample size

This study considered
the genetic data of a
specific population only

The proposed algorithm
focused on numeric
attributes only

The proposed algorithm
focused on numeric
attributes only

The proposed algorithm
focused on numeric
attributes only
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Srinivas and
Debl140]

Gu et al.[1*l

Hassanzadeh and
Rouhanilt42!

Yuan et al.[1*%

Nobabhari et.al.[144

Proposed genetic algorithm based
on non-dominant sorting for multi-
objective optimization

Proposed an evolutionary algorithm
based on the projection of the
current non-dominant solutions and
equidistance interpolation for
multi-objective optimization

Proposed a gravitational force-
based algorithm for multi-objective
optimization

Proposed a gravitational search
algorithm based on strength Pareto
for multi-objective optimization

Proposed a multi-objective
gravitational search

algorithm based on non-dominant
sorting for power

transformer design

Non-dominant sorting
genetic algorithm

Dynamic weight design
method with MOEA/D

Multi-objective
gravitational search
algorithm

Strength Pareto
gravitational search

Non-dominant t sorting
gravitational search
algorithm

Chi-square test

1. Benchmark functions

2. Mean

3. Standard deviation

4. Inverted generational
distance

1. Spacing metric
2. Generational distance
metric

1. Convergence metric

2. Space metric

3. Generational distance
metric

4. Diversity metric

Normalized arithmetic
mean

The proposed algorithm
exhibited a slow
convergence rate

The algorithm lacked
efficiency in solving
higher-dimensional
complex problems

The algorithm
experienced diversity
loss in solving higher-
dimensional complex
problems

Population diversity
requires further
improvement

The algorithm
experienced scalability
loss while dealing with
complex cases of power
transformer design
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Chapter 3

PROBLEM FORMULATION

n this chapter, research gaps, objectives, and methodology are discussed. The
research gaps are identified from the existing literature related to patient
prioritization, patients clustering, and surgical team selection. By considering
these gaps, four research objectives were identified for healthcare resource optimization
and scheduling. The main focus of the research is towards: patient prioritization from
the surgical waiting list, postoperative surgical patients clustering, and optimal surgical

team selection.

3.1 Research Gaps

While considerable interest has been found in healthcare resource management research
over the past few decades, there are still numerous concerns that need to be addressed.
Most of the techniques and algorithms proposed in the literature are based on
mathematical and conventional decision-making methods in the literature. It is
observed that soft computing capabilities are underexploited, and intelligence-based

approaches are needed. There are the following research gaps which are identified:

1. Healthcare resources planning suffers from various issues like a poorly managed
waiting list, disorganized health records, etc. Although different methods and
techniques have been proposed in the literature, efficient resource scheduling and

optimization still require more attention.
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2. Most of the existing work has either been done to prioritize waiting lists or improve
inconsistent matrices to derive consistent priorities. However, no work that focuses
on improving inconsistent matrices and prioritizing waiting list together has been
done so far. There is a need for a framework that can help achieve optimal and
consistent priorities on the waiting list while improving inconsistent metrics.

3. Hospital management suffers from the issue of organizing an enormous number of
patient medical records. Since patient medical records are unlabeled mixed data,
there is a need to develop an efficient clustering approach to organize the patient
medical records into optimal sub-groups.

4. Since surgical services play a crucial role in the healthcare system, the surgical
team's performance significantly affects surgical outcomes. Patients always require
quality surgical services, while hospitals are more concerned about selecting a
suitable surgical team for patients. There is a need for a decision-making model to
help the healthcare professional select a patient-centered optimal surgical team.

5. Meta-heuristic capabilities in healthcare need to be explored more. Hence, the
relevant meta-heuristic-based algorithm and framework need to be developed to

optimize and schedule healthcare resources.

3.2 Research Objectives

The objectives of the proposed work are given below:

(1) To study and explore various techniques and tools available for managing and
analyzing healthcare data

(2) To propose a framework for scheduling and optimization of healthcare resources
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(3) Design and Implementation of proposed framework using evolutionary
algorithm(s)

(4) Testing and validation of the proposed work using real data.

3.3 Research Methodology

This research work aims at the development of a framework for scheduling and
optimization of healthcare resources. Figure 3.1 demonstrates the flow of the adopted

research methodology.

To study and explore tools and approaches for healthcare
data analysis

Survey of existing approaches for healthcare resource
scheduling and optimization

Development of framework for healthcare resource(s)
scheduling and optimization

Proposed model (PSWL-CCI) Proposed algorithm for Proposed a model for
for prioritizing patients from clustering of postoperative optimal surgical team
the surgical waiting list. surgical mixed dataset selection

Testing and validation of proposed algorithm(s) on real life
datasets

Comparison of proposed algorithm(s) with existing state-
of-art algorithms

v

Conclusion

Figure 3.1: Flow of the Research Methodology
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3.3.1 Research Methodology for Objective 1:

o Studied various approaches used for scheduling and optimizing healthcare
resources, such as patient prioritization and selecting optimal surgical teams for

a patient.

o Identified approaches available for finding patterns in healthcare resources, such

as patient clustering using a mixed dataset.

o Identified the tools that can be used to analyze healthcare data.

3.3.2 Research Methodology for Objective 2:

o We have proposed a decision-making model PSWL-CCI for prioritizing patients
from the surgical waiting list. Firstly, we have proposed a hybrid algorithm named
HMWCA (Hybrid modified water cycle algorithm) for improving the cosine
consistency index (CCI) of inconsistent pair-wise comparison matrices (PCMs),
focusing on deriving consistent priorities of patients. The proposed algorithm
utilizes the features of the evaporation-based water cycle algorithm (ER-
WCA)P® genetic algorithm, and 2-opt heuristic algorithm**°!, where ER-WCA
is modified with the concepts of salt concentration and infiltration. The proposed
algorithm is tested on different inconsistent PCMs, and the proposed model is
validated using a dataset obtained from a surgical department of a multispecialty

hospital in India.

o Secondary, an efficient clustering algorithm for mixed datasets of postoperative
surgical records is proposed. The proposed algorithm aims to group the mixed
dataset into optimal partitions, and it focuses on a postoperative surgical dataset

to partition the historical surgical patients into optimal subgroups. The algorithm
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is tested on publicly available real-life datasets and compared with existing
clustering algorithms. The algorithm is also validated using a surgical dataset

obtained from a multispecialty hospital's surgical department.

o Thirdly, we proposed a model for surgical team selection. The proposed model
involves two modules: surgical history management (SHM) module, i.e.,
arranging surgical patients into optimal surgical sub-groups, and surgical team
selection (STS) module, i.e., selecting optimal surgical teams for a newly admit
surgical patient based on the surgical sub-groups. In the SHM module, the earlier
proposed clustering algorithm is modified and proposed to cluster surgical
patients into optimal subgroups. In the STS module, a multi-objective
optimization algorithm is proposed to select an optimal list of the surgical team
for a given patient. The proposed algorithms are based on the artificial electric
field algorithm[*46], The proposed algorithms are tested and validated on different
publicly available real-life datasets and benchmark functions (SCH, FON,
ZDT1D)M and compared with existing algorithms. Further, the proposed
algorithms are validated using the surgical dataset obtained from a multispecialty

hospital's surgical department.

3.3.3 Research Methodology for Objective 3:

o The algorithms are implemented on Acer machines with 8GB of RAM, 1 TB hard
disk, having Windows 10 OS installed. The experiments have been performed on

MATLAB R2018a (9.4.0.813654) and R (3.5.1).

o The proposed PSWL-CCI model and its associated algorithms are implemented
on MATLAB. The pair-wise comparison matrices (PCMs) are prepared based on

39



the surgical decision-makers ratings using questionnaires. The surgical priorities
are computed using the analytic hierarchy process (AHP) and cosine
maximization method (CM). The qualifying threshold for consistency of the

cosine consistency index (CCl) is fixed to 0.90.

For experimental analysis of the clustering algorithm, we have set the initial

population size (P) to 20. The maximum numbers of clusters (K,,4,) iS Set to

\Sizegataset,» and the Coulomb constant (K,) is set to 500.

In the surgical history management module (SHM), the initial population size
(Pss12i) is fixed to 50. The maximum numbers of clusters (CLC,,4,) is set to vVm
(Dataset size) and the Coulomb constant (K,) is set to 500. For the surgical team
selection (STS) module, patients' feedback rating is recorded using questionaries
and telephonic conversation. In the proposed multi-objective optimization
algorithm, the searching population size is fixed to 100. The external population
size is fixed to 100 for SCH, FON, and ZDT1 functions. The initial value of the
Coulomb constant is fixed to 500. The initial, final crossover probabilities are
fixed to 1.0 and 0.0, respectively. The initial, final mutation probabilities are fixed
to 0.01 and 0.001, respectively. The proposed algorithm is executed 100 times for

SCH and FON functions and 250 times for ZDT1 function.

3.3.4 Research Methodology for Objective 4:

The overall performance of the PSWL-CCI model is validated using a real dataset
obtained from the surgical department of a multispecialty hospital in India.
Subsequently, performance is compared with four existing prioritization methods

in terms of Euclidean distance and minimum violation. Further, the proposed
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algorithm's performance is evaluated on six different inconsistent PCMs and
compared with two existing approaches in terms of cosine consistency index (CCl),

deviation score, and the number of iterations.

The performance of the proposed clustering algorithm is evaluated on five real-life
datasets and compared with six different existing clustering algorithms for mixed
datasets in terms of average accuracy and standard deviation. Further, the proposed
algorithm is also validated using a historical postoperative dataset obtained from a

multispecialty hospital's surgical department.

The performance of the surgical team selection model is evaluated on a real-life
dataset obtained from a surgical department of a multispecialty hospital. Further,
the proposed clustering is evaluated on nine real-life datasets and compared with
existing non-mixed dataset clustering algorithm using three performance index!148],
namely Silhouette Index (SI), Dunn Index (DI), and Davies-Bouldin index (DB).
The proposed clustering algorithm is also compared with the mixed dataset
clustering algorithm using two robustness measures: average accuracy and standard
deviation. Subsequently, the proposed multi-objective optimization algorithm is
evaluated on three benchmark functions, namely SCH, FON, and ZDT1 and
compared with four existing multi-objective optimization algorithms in terms of
mean of three performance metrics (CM metric®’l, DM metric™*’], and GD

metricl49l),
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Chapter 4

PRIORITIZING PATIENTS FROM
THE SURGICAL WAITING LIST

he objective of this chapter is to propose a decision-making model to
prioritize patients from the surgical waiting list. The model deals with two
critical issues: First, to prioritize patients from the surgical waiting list.
Second, to refine and optimize the cosine consistency index (CCI) of
inconsistent pair-wise comparison matrix (PCM) to obtain consistent priorities. The
cosine maximization method (CM), along with the analytic hierarchy process (AHP),
is used to evaluate the resulting priority. To improve the inconsistent pair-wise
comparison matrix (PCM), a novel hybrid algorithm HMWCA (Hybrid modified water
cycle algorithm), is proposed and incorporated in the proposed model. The proposed
algorithm is a hybrid algorithm that exploits the features of three traditional algorithms,
namely the evaporation-based water cycle algorithm (ER-WCA), genetic algorithm,

and 2-opt heuristic algorithm.

4.1 Decision-Making and Optimization Methods

This section briefly discusses a multi-criteria decision-making method, analytic
hierarchy process (AHP), Cosine maximization method (CM), Cosine consistency
index (CCI), Water cycle algorithm (WCA), Genetic algorithm, and 2-Opt heuristic
algorithm.

43



4.1.1 Analytic Hierarchy Process (AHP)

AHP is a multi-criteria decision-making method, which helps multiple decision-makers
in dealing with complex priority assessment problems. AHP decomposes a problem
into a hierarchical structure of easily understandable sub-problems. These sub-
problems can be studied individually. The hierarchical structure arranges the decision
objective at the top, and each factor (criterion and corresponding sub-criterion) and the
alternatives in descending order. The factors that lie at the same level are compared
among themselves. The PCM is designed, and the weight (relative importance) of each

factor is computed. The factor with the maximum weight is considered the best solution.

4.1.2 Cosine Maximization (CM) Method

The CME% method is introduced to derive the priority vector from the PCM in the
AHP. CM method implemented an optimization model to derive reliable priorities. It
maximizes the sum of the cosine angle between each value of a column in the PCM and

the evaluated priority vector.

4.1.3 Cosine Consistency Index (CClI)

The consistency of PCM is a significant issue in AHP to derive a priority vector. The
reliability of priority outcomes is highly dependent upon PCM’s consistency. An
inconsistent PCM leads to an unreliable priority. The cosine consistency index!1%l
(CCI) is introduced to measure the consistency of PCM. CCI is derived using an

optimization model as follows:

CCl == (4.1)
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Where, C* and m are optimal objective function and matrix size, respectively, of the
optimization model. Consistency of PCM is concluded from the value of CCI as

follows:

CCI = 1, otherwise,0 < CCI <1 4.2)

A PCM is entirely consistent if the value C* = m, resulting in CCI = 1. Otherwise, it
is considered as near consistent if 0 < CCI < 1. Here, 0.9011%! js considered as the

minimum value to satisfy consistency (CCI).

4.1.4 Water Cycle Algorithm (WCA)

The WCA®®! mimics the water cycle process in nature, where rivers and streams flow
towards the sea. WCA begins with the process of rainfall, where individual raindrop
generates streams. Then, it selects some of the good streams as rivers and the rest
considered as tributary streams from the generated streams. Finally, it chooses the best

individual stream as the sea. The steps of WCA are as follows:

A. Initialization

At first, it randomly generates an initial population of streams N,,,,. Then, it selects
some of the best individual streams N, as sea and rivers. Finally, it computes the rest

of the streams Nyoqm as follows:

N, = River + &_, » Notream = Npop — N, (4.3)
sea
Depending on the rate of water flow, there is a significant variation in the volume of

water entering a river or the sea. WCA computes the tributary streams for each river or
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the sea. WCA computes the tributary streams for each river and sea in the following

way:

Cost, — Costy,, 11
ZNSr C

n=1—"'n

NS, = round{

Nstream} 44)

Where,n = 1,2,3.... Ng,, and Cost, represents the objective function.

B. Flow and Exchange

A stream flows to a river or sea using a randomly chosen distance and updates new

position as follows:

x € (0,c xd), wherec = 2 (4.5)

Where, d is the distance between stream and river/sea. The value of ¢, greater than one,

enables streams to flow in different directions toward the rivers and sea.

i i Xriver i
;‘g‘leam = Xstream + 1and * C * ( seal étream) (4.6)
Xﬁgﬂler = Xiiver +rand x C * (Xgea - Xﬁiver) (4'7)

The stream exchanges its position with the river when the solution representing a stream
is better than its connecting river. Similarly, the river exchanges its position with the
sea when the solution representing a river is better than the sea.

C. Evaporation and Rainfall Process

Evaporation causes seawater to vaporize as rivers and streams flow into the sea, and
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initiate a new rainfall. The evaporation operator is applied on both rivers and streams
that flow into the sea and streams flowing towards rivers. The distance (closeness) from
the sea computes evaporation between the sea and river and between sea and stream.
The number of tributary streams NS,, flowing towards a river, called the river's quality,
computes the evaporation between rivers and streams. More tributary streams flowing
towards a river increase the quality of the river and result in a slower evaporation rate.
Rivers with poor quality comprise of lesser number of tributary streams. All such types
of rivers cannot decrease their distance d,,,, t0 sea, and they tend to evaporate at a fast
rate following some movements. d,,,, determines the search intensity near the sea,
which is the best-obtained solution. A small value of d,,,,,, stimulate the search intensity
near the sea while a higher value for d,,,, inhibits extra searches. Hence, for search

exploration, the d,,,, is decremented as follows:

dmaxi

4.8
Maximum Iteration (4.8)

dmale = dmaxi -

4.1.5 Genetic Algorithm

Genetic algorithm (GA), a population-based meta-heuristic, mimics the process of
biological evolution known as natural selection. It is a process that selects the best fit
individuals to give birth to the offspring of the next generation. It ensures to derive the

optimal solutions in time. Algorithm 1 describes the process of GA.

4.1.6 2-Opt Heuristic Algorithm

2-Optl**1 a local search algorithm, proposed to solve the traveling salesman problem.
2-Opt algorithm increases the convergence speed and enhances neighborhood search,

which helps in finding the optimal solution. It begins with an initial network (tour).
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Then it separates two edges (Figure 4.1) from the network and reconnects the two edges
in several different ways. This entire process occurs several times for a different set of
two connected edges. Finally, it computes the length of each generated tour and chooses

the optimized tour.

Algorithm 1: Genetic Algorithm

Input: Initialize Population Size, Crossover Rate, Mutation Rate, Maximum lteration
Output: Optimal solution
1. Randomly create an initial solution of population size
2. Calculate the fitness of each solution
3. while M; <= Maximum Iteration do
3.1 for k =1: Population Size do
(a) Randomly selection two best-fit solutions from the population
(b) Apply cross over on selected solutions and create new solutions
(c) Apply mutation to new solutions
(d) Evaluate the individual fitness of mutated solutions

(e) Replace the least-fit population with new solutions and update the

population
hH k=k+1
end for

32 M1: M1+1

end while
V8
Vi Vs Vi
V2 V7
V7 V2
V3
Ve V3
V6
V4
Vs V4 Vs

Figure 4.1: A 2-Opt move: original tour on the left and the resulting tour on the right
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4.2 Proposed Prioritization Model

This section describes the proposed model, various phases, and methods used in detail.

The first phase selects the factors related to the patient and generates the hierarchical

structure containing these factors. The second phase compares all factors and generates

PCM by assigning weights to factors based on the unanimous decision of all experts

generated. The third phase evaluates the consistency level of each PCM and validates

it against the threshold value. The fourth phase performs two steps; modification of

inconsistence PCM using the proposed hybrid algorithm (HMWCA) and derivation of

patients’ priorities. Figure 4.2 represents the detailed workflow of the proposed model.
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Figure 4.2: Model for prioritizing surgical patients

Phase 4 (B)

4.2.1 Phase 1 - Selection of Factors and Development of Hierarchical

Structure

To assess the priority of patients, the literaturel’? proposed eight significant factors

(criteria). Following the selection of criteria, another researcher?*! proposed six
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additional risk-based sub-criteria. Therefore, in this phase, an overall eight criteria and
six sub-criteria are considered necessary. Six patients are considered as alternatives to
evaluate the priority of patients for surgery. All of these factors guide experts in the
collective decision-making process. An explanation of all the criteria (4.1.1.— 4.1.8.)

and sub-criteria (a—f) is as follows:

A. Disease Severity (DS)

It represents the physiological decompensation or deterioration of the organs of a
patient. It is related to the health of a patient after he/she has contracted a disease.

Severity can be minor, moderate, major, and extreme.

B. Pain

Pain is an unpleasant sensory and emotional experience associated with actual or
potential tissue damage or described in the context of such harm. Pain may be mild,

steady, or severe.

C. Rate of Disease Progression (RDP)

It represents the change in how the disease affects a patient as it progresses from its
initial stages to its peak and then to its resolution. It relies on age, health state, and type
of disease and thus varies from patient to patient. This criterion further has six sub-

criteria:

(i) Risk of Death (RD): This represents the risk of mortality while waiting for
surgery. Different risk levels exist for different patients waiting for the same
surgery. This sub-criterion ensures the higher priority of medical attention to the

patient at a higher risk of death.
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(i) Risk of Deterioration of Disease Intensity (RDI): It represents the possibility of
patients developing additional health issues or severe complications while waiting

for surgery.

(iii) Risk of Deficiency in Surgery Effectiveness (DES): It represents the possibility

that a delay in surgery can reduce its effectiveness.

(iv) Risk of Past Complications (RPCs): It represents the risk associated with the

outcome of surgery due to a patient’s medical history.

(v) Risk of Affecting Adjacent Organs (RAO): This represents the threat caused by

the spreading of the disease from the organ in concern to an adjacent organ.

(vi) Progression that Might Affect Survival (PAS): It represents the possibility that

a delay in surgery may affect a patient’s chances of survival.

D. Difficult in Doing Activities (DDA)

It represents the difficulty faced by a patient in performing daily activities that they

could once perform smoothly before the onset of disease.

E. Probability and Degree of Improvement (PDI)

This represents the expected benefit of surgery in improving a patient’s health and

quality of life.

F. Time on Waiting List (TWL)

It represents the time between the registration of the patient for surgery and the actual
surgery is performed. This criterion has importance from a patient’s perspective and

helps patients form a perception of the quality of service they receive.
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G. Limitation in Caring Dependents of Someone (LCDS)

It is defined as the limitation in a patient’s ability to look after their dependents.

H. Limitation to Work/Study/Seek Employment (LSE)

This represents a patient’s hindrance to work, study, or seek a job due to their health.

4.2.2 Phase 2 - Formation of Pair-wise Comparison Matrices (PCMs)

This phase compares different factors (criteria and sub-criteria) among themselves. A
questionnaire (formulated using the AHP method) is sent to experts. The experts are
then asked to assign a weight for every comparison using linguistic variables.
Subsequently, the linguistic variables are translated into numbers using Table 4.1.
Finally, PCMs are designed by integrating the weights provided by all the experts for

each comparison. The steps followed in this phase are as follows:

(a) Each criterion is compared with another criterion, and then PCM is formed by
determining an appropriate weight for each comparison.
(b) Each sub-criterion is compared to another sub-criterion, and then PCM is formed

by determining an appropriate weight for each comparison.

A day before surgery, a list of the first six patients from the waiting list is provided
to the experts. Then, the patients are compared with one another in terms of each
criterion and sub-criterion. As a result, three PCMs: (a) Criteria PCM, (b) Sub criteria
PCM, and (c) Patients PCM are formed by determining an appropriate weight for
each comparison. To assign weights to the criteria, sub-criteria, and patients, experts

are provided with a linguistic scale of numbers, which indicates how significant or
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assertive one factor is over another.

Table 4.1: Linguistic scale and its description

Linguistic expression Explanation Importance

level

Uniformly important The contribution of both 1
tasks is the same

Uniformly to averagely important 2

Averagely important One task is preferred 3
slightly over another

Averagely to emphatically important 4

Emphatically important One task is preferred 5
emphatically over another

Emphatically to very emphatically 6
important
Very emphatically important One task is preferred very 7

emphatically over another
Very emphatically to most important, 8
Most important One task is considered to be 9
exceedingly important in
comparison to another
If a non-zero number from importance The reciprocal
level is assigned to the comparison value of above
between task p and task g, a reciprocal
value is assigned to the comparison

between task g and task p

4.2.3 Phase 3 - Consistency Measurement of Pair-wise Comparison Matrices
(PCMs)

As mentioned above, consistency measurement is an essential process in the AHP, and

a derived priority vector fails to satisfy reliability until its PCM shows consistency.
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Therefore, to measure the consistency of each PCM, the following steps are used:

(@) Foreach PCM, Eq. (1) computes the value of CCI.

(b) Based on the value of CCI, Eq. (2) determines the consistency level of each PCM.

4.2.4 Phase 4 - Priority Evaluation of Surgical Patients

Once the consistency of PCM’s is measured, this phase is implemented. This phase

performs two activities.

A. Evaluation of Patients’ Priorities

This section computes the priority of patients if PCMs meet the defined threshold. A
rank is assigned to each patient representing their position in the final waiting list. The
steps to compute priority are as follows:

(a) Priority weights of all factors and patients concerning each factor are computed.
(b) Each sub-criterion weight (SC,,,) is multiplied by its parent criterion weight (F,,,)

to give corresponding resulting global priority weight of factors.
SCy, = SCy,, * By 4.9

All factors with priority weight are arranged in columns. Priority weights of each
patient corresponding to their factor are arranged in rows.
(c) Each criterion/sub-criterion weight is multiplied by the patient’s weight under it.

After the integration of all weights, the final priority vector of patients is computed.

For this, we have:

m
Patient; = Z Patient; * Criteria; (4.10)
j=1
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Where, i = 1, 2, 3...number of patients, and j = 1,2...number of criteria.

Finally, according to the computed priority vector values, patients are assigned a rank

representing the order of the treatment.

B. Modification in Inconsistent PCM using Proposed Hybrid
Algorithm

This section is invoked when PCM fails to satisfy the threshold of consistency. Unlike
AHP, in which the unavailability of decision-makers to modify PCM results in
unreliable priorities, the proposed algorithm automatically modifies the inconsistent
PCM on an iterative basis. This phase implements our proposed algorithm, HMWCA.
The proposed algorithm integrates GA, WCA, and 2-OPT heuristic algorithms to
modify inconsistent PCM and achieves the optimally consistent matrix. An optimally
consistent matrix results in CCI with a satisfying threshold and the least deviation
between modified PCM and original PCM. Algorithm 5 shows the steps followed in

the proposed algorithm.

(i) Encoding PCM Elements for WCA algorithm

WCA solving TSP generated the population by constructing the tours (positions) as
the permutation of numbers representing the nodes, €.9., V = Vsourcer Vao.. Vpestination s
Vsource Visited. In our proposed algorithm, nodes are set based on the values of elements
of the PCM. As the elements of PCM are reciprocal a;;= 1/a;; , it can encode the lower
triangular elements of the matrix as nodes®*l. Matrix A, with order m = 4, is given in
Figure 4.3. The number of elements of Geno, can then be determined by (m? —m)/ 2.

If matrix A fails to satisfy consistency, the corresponding sequence nodes are
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considered as “inconsistent-tour.” To obtain a “consistent-tour,” the new scale value of
each element replaces the original matrix's old values. The new values are generated by
fractionalizing from the original values into several candidate values. If the original
element has a scale value between 2 and 9, it gets fractionated into candidate values
between 1 and 9. Otherwise, if the element has a scale value between 1/9 and 1/2, it
gets fractionated into candidate values between 1/2 and 1/9. In case the original element
is 1, the value remains unchanged. Each candidate value is built from the specified scale
value using the fraction factor. Suppose Geno, is the original value on node A and m

is the matrix size; then, Geno, is described as:

Genoy = geq, gey, - .. 9€m2_m (4.12)

Each element of Geno, is fractionated into several candidate elements ge,;. Value i is

the index of the candidate element.

geri-1 t+ o, ifl<ge,-<9

4.12
11_1+<p, if -<ge <1 (4.12)
geri
mZ

Where, ge,.o =1,r=1,2, ... Pandi=1,2,..n— % . The value of ¢ issetto 1.

2

1 iz Q13 Qg
azq 1 azs A24 —
A= Genoy = azq — az; — A3y — Qg1 — Ayp — Q43
azy Az 1 Qzq
a1 A4 a43 1

(a) Pairwise comparison matrix (PCM) (b) Encoding of PCM 'A’ into genotype
IAI

Figure 4.3: PCM ‘A’ (with size m = 4) and its encoding in genotype
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2_
Node 1 Node 2 Node 3 Node (m > m)

1 —> > 1/9 — > 1/9 —> —> 1
2 — | 1/8 - > 1/9 — | 5 2
3 —_ > 1/7 —_ > 1/7 —_— > 3
9 —> > 1 —> > 1 —> —> 9

Figure 4.4: Candidate in each node from the PCM ‘A’

Figure 4.4 shows the nodes and their elements. Each element of each node has a

combination with the element of other nodes.

(i) Objective Function

This section focuses on improvement of inconsistent PCM. The first component
considered is the cosine consistency index (CCI). As a consistent PCM satisfies CCI >
0.90 and for a higher value of CCI, PCM becomes more consistent, the first objective
is to maximize CCI than the threshold 0.90. Further, the second objective here is to
minimize the distance (deviation) between the original inconsistent and improved
consistent PCM to maintain experts' original judgment. Euclidean distance is used to
measure the deviation (DI) between two matrices. A smaller DI indicates higher
similarity between the two PCM’s. Finally, PCM is improved and optimized in such a
manner that the improved PCM satisfies the CCI threshold (0.90), and its deviation is
minimum from the original PCM. So, the objective function is computed as:

F(x) = + G, (x) (4.13)

1+ G,(x)

Where, F (x) represents the deviation score. G; (x) and G, (x) are CCI of improved
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PCM ‘x’ and deviation of PCM x and original PCM. Algorithm 2 presents the sequence

of steps followed to obtain an optimal solution.

Algorithm 2: Selection of Optimal Solution

Input: Population Size, Consistency Index (CCI), Minimum deviation score
Output: Optimal solution
1. for i=1: Population Size do
1.1 Compute the following:
(&) Number of genotypes satisfying CCI threshold (GSC): Genotypes with
CCIl>=.90

(b) Number of genotypes dissatisfies CCI threshold (GDC): Genotypes with
CCI<.90

1.2 if GSC == 0 or GSC == 1 then
Sort the genotypes in descending order of CCI
else

Sort the genotypes in ascending order of minimum deviation score

end if
13i=i+1
end for

Here, GSC = 0 represents that no solution meets the CCI threshold, and GSC = 1

means only one solution meets the CClI threshold.

(ili) Modified Evaporation Rate of WCA (MWCA)

The proposed HMWC algorithm (Figure 4.5) considers two significant aspects of
moving water bodies to modify the evaporation process. The first aspect is concerned
with salt content in moving water bodies. Our proposed algorithm assumes that the rate
of evaporation of the river depends on the amount of salt that the river carries, which in

turn depends on the volume of streams. The second aspect is concerned with infiltration.
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It affects the volume of water (called surface run-off) flowing over the land surface. An
increase in infiltration decreases surface run-off. The greater the salt content, the higher
the solution's mass and density, and the lesser the evaporation rate. The process of

modified evaporation rate is as follows:
Sa: = LB+ (UB — LB) * rand() (4.14)

Here, S,;;: represents the salt percentage. The upper bound (UB) for the sea is set to 3.5,
whereas the lower bound (LB) is fixed to 0.05. For river salt value UB and LB are set
to the salt value of sea and 0.05. For stream salt value, UB and LB are set to the river's

salt value and 0.01, respectively.

ccr;
DI;

M; = Sqi¢, *V;,  Where, v, =

(4.15)
DI; «< M;, i = {Sea,RiverszNsr_l ,Streaml,z,g,m,\,stream}

In this equation, M, S,;;; , V, DI represent mass, volume, salt value, and density of rivers,

streams & sea. V' = CCI/DI represent infiltration (volume of water). The value of

CCI/DI varies with the change in position of the updated solution.

(i) The evaporation for each river is computed in the following way:

Nstream
1
TDriveri = DIriveri + Z DIStreami ) ERriveri = TD.. (4.16)
= Tiver;

(i) The evaporation rate, modified after the movement of streams into the river, is as

follows:

1

= (4.17)
TDriveri

ERriveri

Here, TD represents the total density of the river. ER represents the initial evaporation
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rate of the river whereas ER,, represents the modified evaporation rate of the river.
Each river's evaporation rate is updated to a new position as all streams update their
positions towards their rivers, and rivers update their position towards the sea. The new
evaporation rate corresponding to the updated position is compared with the previous
position, and rivers with a higher evaporation rate evaporate. The steps followed to

compute the modified evaporation rate are as follows:

(i)  When evaporation between river and streams occurs:

1 1
TDriver, = Dlviver; + m: ERyiver; = m (4.18)
(i) When evaporation does not occur:
ERyiver, = ERp . where, i = 1,2,3 ... Ng, — 1 (4.19)

(iv) Genetic Algorithm with MWCA (GMWCA)

To improve the solution's quality, we implemented the genetic algorithm with the
mutation operator and single-point crossover on the streams flowing towards their river.
As a result, an optimal solution is obtained, which helps MWCA to compute the
evaporation rate of the river. Algorithm 3 shows the steps followed in the genetic

algorithm.

(v) 2-OPT Algorithm with GMWCA

The 2-OPT algorithm improves the genotype (PCM element) obtained using Algorithm
3. It presumes that the genotype obtained using Algorithm 3 lacks optimality due to
falling in local minima. Algorithm 4 shows the steps to be followed in the 2-OPT

algorithm.
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Algorithm 3: Genetic Algorithm with MWCA (GMWCA)

Input: Genotype representing the river (Geno,.;,,e-) and tributary stream (Genog,eqm ), Density and CCI of Geno,.;,.,, Deviation score (F (x))

of Geno,jpyer

Output: Optimal solution with density

1. Generate NewW Genogiream(s) bY applying cross over and mutation between Genoy.jyer and Genogsyeqm sy solutions
2. Compute CCl and F(x) of new Genogyyeqms)using Eq. (4.13)

3. Select the best Genostreqm having minimum F(x) among Genosereams)

4. i CCl genogeronm = CClaeno,syer && FO) cenogmeam < F (%) geno,s,, then
4.1 Calculate the density of Genogsream
4.2 Return Genogtyeqm With its density.
else

Return Geno,.;,,., as optimal solution

end if
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Algorithm 4: 2-Opt Algorithm with GMWCA

Input: Genotype representing sea (Genoge,)
Output: Optimal genotype (PCM element)
1. Compute CCI, DI and objective function F(x) for Genog,,
2. Initialize a TSP tour (Genoys,) for Genos,, and calculate the length of the
tour (Genory)
3. form =1. Max_Iteration do
3.1 for each i=1in Genor.-2 do
for j=1i+ 2 in Genoy; do
(@) Construct the population (Popgen,) Of Geno.s, using the
following steps:
(i) Swapping the position of i** element with j* element,
and position of (i + 1)element with (j + 1)t" element
(i) Compute CCI, DI, and F(x) for Geno, of using Eq.
(4.13)
(b) j=j+1
end for
end for

3.2 for each (Genoysy) iN Popgen, do

if CCloenogsy, >= 0.90 && F(X) genoysy, < F (X genoggqthen

Replace the Genog,.,with Genoygy,
end if
end for
3.3 Replace the Genogp, With Genog,q
3dm=m+1

end for
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Initialize parameters of WCA and generate random candidate
genotypes for inconsistent matrix (with CCI <0.90)

v

Compute CCI, DI and objective function F(x), and categories
genotypes into Genog,q, GENOLjpercsy ANA GENOstream (s)

v

N
Set initial salt concentration (density) and compute evaporation rate
(ER) of each genotype

J

4

Genog,,qqm flowing towards Genog,,
——» Replace Genogyeqm With Genog,,

if CClgenogmpam >= -90 && F(X) Genogroam <= F () enogen

Geno,. ;.- associated with Genog,,¢qm ¢ flowing towards Genog,,

[ Apply Genetic algorithm to get optimized genotype ]

Genooptimal == Genoriver]—

Yes + No

J

Compute F(x) and density for Replace Genorper, with

Genooptimal Genostream

g

v v
Update ER of Genoriper ; and replace Genoriper ; with Genog,,
if CClieno,gyer, >= 90 && F(X)geno, er, <= F () genoseq
v

[ Update the modified evaporation rate (ER,,,) of each Geno,.;yer ]

ER between Genog,, to
Geno, ., and
Genogeqm 1S Satisfied?

ER between Geno,yer
and Genogreqm IS
satisfied?

Yes Yes

Replace
ER,,, with ER of
each Genoyjper

[ Generate random Genog yeqm and reduce d,,q, ] Update ER of
¢ each Geno,.jyer

Convergence
criteria satisfied?

Yes

Apply 2-opt heuristic to
improvise optimal (genotype)

Figure 4.5: Flowchart of the proposed hybrid algorithm (HMWCA)
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Algorithm 5: Proposed Hybrid Modified Water Cycle Algorithm (HMWCA)

Input: Inconsistent pair-wise comparison matrix (PCM), Population size (Npop),

No. of rivers and sea (Ns,-), No. of streams (N, ), Maximum lIterations (MaxIt), and

Amax

Output: Optimal matrix elements (genotype)

1. Randomly generate the initial population of streams (genotypes), and compute
CCI, DI & objective function F(x) using Eq. (4.11)

N

Sort the genotypes using Algorithm 2 and categories into Genog,q, Genoyiyer(s),

and Genogream s)

3. Set initial salt density (TD) of Genoge,, €ach Geno, e, and each Genogireqam
using Eqgs. (4.14) - (4.16)

4. Compute the initial evaporation rate (ER) for each Geno,.;,, using Eq. (4.16)

5. while M; <= MaxIt do
5.1 for each Genogyeqm Moving to Genog,, do
Update the position of GenogsyreqmUsing Eq. (4.6), and then compute
F(x) using Eq. (4.13)
if CClaenogegy == 0.90 && F(X) genogmeqm <= F (1) genog,,then

Replace the Genogiyreqm With Genog,,
end if

end for
5.2 for each Geno, e, in Ny, do
(@) for each Genogtyeqm Moving to Genoyiper ; do
Update the position of Genogyeqm Using Eg. (4.6) and compute optimal
genotype and its TD using Algorithm 3
if Genooptimar==GeNOriver ; then
(i) Compute F(x) for Geno,ptimaq Using Eq. (4.13)
(if) Update TD of new Geno,y,emiq; and add it to the total TD of
Genoyer

else
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Replace the GeNoriver ; with new Genogtyeqm and update the total
density of Genomerj

if CCIGenorive‘rj >= .90 &&F(x)cenoriverj <= F(x)Genosea then
Replace Geno“-verjwith Genos,, and update the total TD of

Genoyier
end if
end if
end for
(b) Update the modified evaporation rate (ER,,) of each Geno,,.,-using Eq.
(4.17)
end for

5.3 for each Geno,.;,., moving to Genos,, do
Update the position of Geno, ., using Eq. (4.7) and compute F (x) for
Geno,.,er Using Eq. (4.13)
if CCloenopyer, >= 0-90 && F(x)Genon.verj <= F(¥)genoy,, then

Replace Genoyier, with Genog,, and update the ER,,, of Genoyier,

using Eq. (4.17)
end if

end for

5.4 for each Genogyyeqm flowing to Genos,, do /levaporation
if norm(F(x)Genostream — F(X)genogy, ) < dpay or (rand < 0.1) then
Generate New Genogtreams)

end if

end for

5.5 for each Geno,.,., flowingto Genog,, do /levaporation

if norm(F (%) geno,iper — F (X)Genogeg ) < dmax 07 (rand < 0.1) then
Generate New Genogtream s)

end if

end for
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5.6 foreach Genogiyreqm flowing to Geno, ey do /levaporation

if eﬁ and ER,,; > ER; then
Generate NEW Genogreqm(s) and update the ER of Genoy.jye, Using
Eq. (4.18)
else
Replace ER,,, with ER using Eq. (4.19)
end for
5.7 Reduce the value of d,,,, using Eqg. (4.8)
5.8 Sort the genotypes using Algorithm 2
59 M; =M; +1
end while

6. Compute optimal genotype using Algorithm 4.

4.3 Experimental Evaluation of Proposed

Prioritization Model

This section discusses a case study of a multi-specialty hospital to prioritize surgical
patients using the proposed prioritization model, PSWL-CCI. Subsequently, the
performance of the proposed hybrid algorithm is evaluated by solving some
inconsistent comparison matrices and comparing it with existing consistency
improvement methods. Finally, the performance of PSWL-CCI is compared with
existing prioritization methods. The multi-specialty hospital, which is the focus of our
case study, is Shri Mahant Indiresh Hospital, Dehradun, Uttarakhand, India. This
hospital is associated with Shri Guru Ram Rai (PG) Institute of Medical and Health
Sciences in Dehradun, India. PSWL-CCI is implemented using datasets from the
hospital’s orthopaedic surgery department. The hospital has 11 wards and 1000 beds,
out of which approximately 90 beds are reserved for the orthopaedic department. In

contrast, the remaining are reserved for other departments such as medicine, surgery,
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and gynaecology. There are 7 ICUs, each having approximately 10 beds and 17 air-
conditioned fully modular operation theatres in the main operation section and 1
operation theatre in the emergency section. Every day, approximately 2000 patients are
treated here, and every month approximately 2000 major surgeries are carried out at the
main section of the operation theatre. The orthopaedic department comprises 3
neurosurgeons, 20 orthopaedic surgeons, and 10 anaesthetics. Approximately 1500
other employees in the hospital provide technical and support services. The symbols

used in the proposed model are presented in Table 4.2.

Table 4.2: Symbols used in proposed PSWL-CCI model

Symbol Definition

A A Pair-wise comparison matrix (PCM)

A Repaired PCM

F(x) Objective fitness function

ge Candidate elements of genotype

Sait Salt percentage of rivers, streams, and sea

m Matrix Size (m * m)

Genoy Genotype (row vectors comprising the lower triangular

element of PCM A)

DI; Deviation (distance) between two genotypes (PCM
elements)

M Mass of rivers, streams, and sea

%4 The volume of rivers, streams, and sea

c* The optimal objective function value

CCl Cosine consistency index

TD The total density of the river

ER Initial evaporation rate of the rivers

ER,, Modified evaporation rate of the rivers
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4.3.1 Phase 1 - Selection of Factors and Development of Hierarchical

Structure

The factors (Criteria and associated sub-criteria) are selected by unanimous decision of
decision-makers (experts). The selected factors are converged into a hierarchical
structure (Figure 4.6) using a multi-criteria decision-making method, AHP, to assess

the patients' priority.

Criteria: Goal : Surgical Patients Prioritization

b TR Lo

: D
Rate Difficulty Probability

Limitation in | [ Limitation

Disease Pain f di in doin, Time on caring to
severity Of clisease o 0 z_md degree of waiting list work/study/
progression activities improvement dependents of
someone seek

Sub Criteria : employment

Rlsk of death

Risk of deterioration of disease intensity ]

Risk of past complications ]

Risk of affecting adjacent organs ]

RlSk of deficiency in surgery effectiveness ]

Progression that might affect survival

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5 Patient 6
A A A A A A

Alternatives:

Figure 4.6: Hierarchical structure for prioritizing surgical patients

4.3.2 Phase 2 - Formation of Pair-wise Comparison Matrices (PCMs)

The selected factors are compared among themselves by experts. All experts assign
individual rating to each comparison using the linguistic rating scale. Then, unanimous

rating for each comparison is calculated and PCMs are designed as follows (Table 4.3).
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Table 4.3: Formation of PCMs
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4.3.3 Phase 3 - Consistency Measurement of Pair-wise Comparison
Matrices (PCMs)

The consistency index of each PCM is measured and presented in Table 4.4. The results
of Table 4.4 are presented as bar graph in Figure 4.7. Table 4.4 and bar graph in Figure
4.7 show that only two PCM, Criteria, and Disease severity (DS) fail to satisfy the CClI
threshold (>=0.90). Therefore, both of the PCM’s are required to be modified and

optimized to satisfy the CCI threshold.

Table 4.4: CCI value of each PCM

Matrix C; (m) CCI=C;}/m
Criteria 6.87 8 0.8592
Sub criteria 5.73 6 0.9552
DS 5.26 6 0.8782
Pain 5.61 6 0.9352
RD 5.65 6 0.9422
RDI 5.75 6 0.9595
DES 5.51 6 0.9191
RPCs 5.48 6 0.9146
RAO 5.62 6 0.9379
PAS 5.64 6 0.9411
DDA 5.43 6 0.9053
DI 5.58 6 0.9316
TWL 5.63 6 0.9385
LCDS 6 6 1
LSE 5.94 6 0.99

4.3.4 Phase 4 - Priority Evaluation of Surgical Patients

Inconsistent PCMs are modified and combined with rest consistent PCMs to derive the

priority of surgical patients are as follows:
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Figure 4.7: Measurement of CCI of each PCM

A. Modifications in Inconsistent PCMs

Table 4.5 shows that criteria and disease severity PCMs were initially inconsistent with
CCI =0.85 and 0.87, respectively. The proposed algorithm (HMWCA) modified these
two PCMs; criteria PCM with optimized CCI= 0.908 and DI = 3.06, and disease

severity PCM with optimized CCI = 0.93 and DI =2.28.

B. Evaluation of Patients’ Priorities

Table 4.6 demonstrates that the proposed algorithm evaluated each surgical patient
based on criteria and corresponding sub-criterion score and assigned a rank to each of

them.
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Table 4.5: Inconsistent PCMs and their optimized CCI

Matrix Optimized objective values in no of iterations
(Initial CCI) 10 20 30 40 50 60 70 2-Opt
CCl DI cCcClI DI CClI DI CCl DI cCcClI DI CClI DI CCl DI CCl DI
Criteria (0.85) 0.83 175 0.89 19 0.9 14 091 10 09 83 09 74 09 73 090 3.06
Initial elements 1 1 6 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
3 6 5 2 4 2 6 7 6 5 7 2 6 4 8 3 4 4 8 7 2
1 1
“g 5 /¢
Optimized Elements 1 1 3 1 1 11 1 1 1 1 1 1 1 1 1 1 1 1 1 3
5 7 2 2 6 4 6 5 3 7 4 9 4 6 4 2
1 1 1 1 1 7 g
7 7 4 8 5
Disease Severity (0.87) 0.88 15.3 0.94 114 0.9 7.7 092 7 090 683 090 6.8 0.90 6.2 0.93 2.28
Initial Elements 1 1 1 1 1 1 1 1
7 bl e T T 5 27573 6
1 1 1 1 1 1
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Table 4.6: Global priority weights and final priority vector of patients

Patients DS PAIN RDP DDA PDI TWL LCDS LSE Final Rank
priority
RD RDI DES RPCs RAO PAS
0.32 012 007 005 003 001 001 001 015 007 003 004 0.08
P1 0.221 0.152 0.128 0.127 0.142 0.099 0.17 0.254 0.056 0.31 0.148 0.167 0.062 0.16 6
P2 0.158 0.103 0.116 0.358 0.301 0.298 0.381 0.155 0.127 0.106 0.159 0.167 0.188 0.161 5
P3 0.407 0.306 0326 0.186 0.24 0.189 0.151 0.33 0.279 0.101 0.062 0.167 0.188 0.288 1
P4 0.122 0.304 0313 0.224 0.155 0.219 0.15 0.122 0.232 0.289 0.12 0.167 0.188 0.202 2
P5 0.039 0.084 0.0/3 0.071 0.073 0.125 0.057 0.072 0.074 0.142 0.43 0.167 0.188 0.092 4
P6 0.053 0.051 0.045 0.085 0.088 0.069 0.092 0.067 0.232 0.053 0.081 0.167 0.188 0.096 3
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4.3.5 Performance Evaluation of Proposed Prioritization Model

The performance of the proposed prioritization model is evaluated in two steps: Firstly, the
performance of the proposed hybrid algorithm (HMWCA) is evaluated, and Secondly, performance
of proposed prioritization model is measured. Since the indicator of an optimal solution is getting
both the smallest deviation (DI) and satisfying the CClI threshold. The performance of the proposed
algorithm is evaluated using three criteria: Improvement in CCI, Optimal CCI score, and paired
sample t-test. Figure 4.8 (a) (Criteria PCM) and Figure 4.8 (c) (Disease Severity PCM) depicts that
in the beginning iterations, no genotype (streams representing solution) could achieve the CCI
threshold (>=0.90). After the 20" iteration, the genotypes start satisfying the CCI threshold.
Although in some iterations, there may have been circumstances where the number of genotypes
satisfying the threshold decreased. Nevertheless, the genotypes obtained a consistent position. After
the genotypes achieve the CCI threshold, the next focus is to get the minimal deviation (DI) and
minimal deviation score F(x) as well. Figure 4.8 (b) (Criteria PCM) and Figure 4.8 (d) (Disease
Severity PCM) depicts that the DI obtained from the 30™ iteration until the 2-opt iterations. The DI
of iteration 1 to 20 is ignored to determine the F(x) as there are no genotypes that could satisfy the
CCI threshold. These figures show some iterations, where F(x) is minimal. During each iteration,
F(x) gradually decreases. Figures 4.9 (a) and (b) shows the best optimal position, achieved after 2-
opt iterations, with F(x) = 3.58 and F (x) = 2.79, respectively. Subsequently, the performance of
our model, PSWL-CCI, is evaluated using two criteria: ED and MV. The performance of our method
is then compared (Table 4.9) with those of other prioritization methods: EV, WLS, LLS, and AN.

The inputs are; PCM Z = (qu)k*m and the priority vector W = (wy,wy,, ...w,,;)T. The outputs are

the values of the error measures (ED and MV) between PCM (Z) and derived priority vector W =
(w1, w,, ... w,,)T. Thus, the prioritization method with a lower error value is considered superior to

the others. The results of performance comparison of Table 4.9 are presented as bar graph in Figure
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4.10, which evidence that the proposed PSWL-CCI model has the lowest values of the error

measures: ED and MV among all the other prioritization methods studied. The results validate that

the proposed PSWL-CCI model is better than the existing methods. Therefore, the resulting priority

of a patient for surgery, from Table 4.6 is as follows:
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No. of Streams
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(b) Criteria PCM: No. of solutions with deviation
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Figure 4.9: Performance of proposed hybrid algorithm (Optimal CCI score)
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Table 4.7: Performance comparison of the proposed hybrid algorithm with existing algorithms

Matrix Initial element Optimized CCI Improvement
[Reference] L .
. (Initial CCl) CCI Optimized Elements WCA Optimized Proposed HMwcA N CCl
(size) (CCl, DI, Deviation Elements (CClI, DI, Optimized Elements (Prop_osed
score, Iterations) Deviation Score, (CClI, DI, Deviation ~ Algorithm)
Iterations) Score, Iterations)
PCM2[9] 1 1 1 1 1 1 1 1 1 1 1
77 57777575957 75753 273765 273609
1 1 9 1 c 1 1 1 5 1 1 1 1 1 1 1 1 1
7 3 9 7 3 8 3 7 2 3 3 2 4 5 3 3 2 2
9 1 1 1 7 1 1 1 5 3 1 1 1 1 1 6 1 1 1 1 6
7 7 9 7 7 9 4 3 3 7 8 7 6 7 3 6
! 7—9—-5-9 2 9-5-9 1 1 6—-—4-8 1 1 9-5-9
3 9 2 2 2 2
(0.7283) (0.9023, 15.16, 15.68,40)  (0.9101, 15.12, 15.6,40) (0.9156, 14.76, 15.28, 40) 0.1873
PCM11[] 1 1 ool _1_1_1_ o 1 1 1 1
3—-—=— 6—-9-9 3—s—=— 4-5-6 3—-—=-— 6—9-9
(55) 2 7 . % s A 2 7 2 7
—2—-4—4-5 2275763 ~-5-3-7-4 ~4-5-6-5
(0.8616) (0.9166, 12.15, 12.67,10)  (0.9364, 7, 7.51, 10) (0.9015, 3, 3.52, 10) 0.0399
PCM14[%8 1 2 1 1 3 1 1
6+6) c—-1-5-3-7-1 ¢-2-5-6-5-4 --6-4-5-6-2 _-3-4-5-6-4
-7—-3-7-3-3 -5-4-5-7-4-2 -8-8-2-3-4 —-7—6-5-2-4
c 1 1 c 1 1 1 5 1 1 2 c 1 1 2
5 5 2 4 6 2 3 2 3
(0.7934) (0.9233, 11.88, 12.4, 42) (0.9009, 9.65, 10.17, 42) (0.9026, 6.57, 7.09, 42) 0.1092
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Table 4.7 comprehends that the proposed algorithm (HMWCA), implemented on different inconsistent PCM, produces more optimal results as

compared to existing CCI improvement methods. Results obtained in Table 4.8 show that for each comparison of the proposed algorithm (HMWCA),

P-value is less than 0.05. It validates that there is a significant improvement in the CCI threshold by implementing the proposed hybrid algorithm.

Table 4.8: Paired-Sample T-Test

Paired values Description Paired Difference T DF P-value
(Sample size) Mean  Std. Std. 95% Confidence
Deviation EY'OF  Interval of difference
mean
Lower Upper

Optimized CCI (Original values- HMWCA)  0.096 0.057 0.023 0.035 0.15 4.0 5 0.009
- DI (Original values HMWCA) 6.193 4,669 1.906 1.292 11.093 3.2 5 0.02
Initial Optimized CCI score 6.713  4.669 1.906  1.812 11613 352 5 0.01
Values (6) (Original values-HMWCA)

Optimized CCI score 6.09 3.11 1.27 2.83 9.36 4.8 5 0.004

(CCI (WAM)-HMWCA)

Optimized CCI score 2.05 1.48 0.606 0.498 3.617 3.39 5 0.01

(ER-WCA- HMWCA)
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Table 4.9: Performance of proposed PSWL-CCI model in comparison to existing prioritization

methods
Performance Measure ~ PSWL-CCI EV WLS Method AN Method LLS
(Proposed model) Method Method
ED 46449 (1) 55179 (4) 7.7789(5)  4.8669 (2)  5.3119 (3)
MV 1 2 2 1 2
7.78 =ED

Value of performance
measures

OFRPNWPPMOUIO N 0O

PSWL-CCI EV-Method WLS-Method AN-Method LLS- Method

Prioritization methods

Figure 4.10: Performance comparison of PSWL-CCI model with other existing prioritization

methods
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Chapter 5

CLUSTER ANALYSIS OF SURGICAL
PATIENTS

ocusing on finding the similarities among the surgical patients that can assist healthcare
experts in surgical decision-making, we have proposed an automatic clustering algorithm.
The proposed algorithm is based on a population-based metaheuristic algorithm called
the artificial electric field algorithm (AEFA) and deals with mixed datasets. The proposed clustering
algorithm aims to find the optimal number of cluster partitions automatically. It utilizes a real-coded
variable-length candidate solution to detect the optimal number of clusters automatically. The
concepts of threshold setting and cut-off ratio are used in the optimization process to refine the
clusters. The similarity between data points and different cluster centers is measured using Euclidean
distance (for numeric attributes) and the probability of co-occurrence of values (for categorical

attributes).

5.1 Clustering Analysis and Optimization Methods

This section briefly discusses the basic concepts of partitioning clustering, distance measure for

the mixed dataset, and artificial electric field algorithm (AEFA) for optimization.

5.1.1 Partitioning Clustering

Partitioning clustering is a data clustering approach that groups the data points into disjoint clusters.
Let us consider a dataset Z = {Z;,Z,,Z5, ..., Z,} of n data points. In the dataset, each data point is

represented by D attributes. For example, Z; = (Zj;,Zj,, ..., Zjp) is a vector representing the jth
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data point, and Zj; represents the i" attribute of Z;. The objective of the partitional clustering

algorithm is to determine the disjoint cluster (C;) that satisfies the following condition:

C, =¢i=12..k (5.1)

k
Z C =2 (5.2)
i=1

NG+ ¢Vi,j (5.3
Where, k represents the number of clusters.

5.1.2 Distance Measure for Mixed Datasets

The belonging of a datapoint with a cluster is measured using the distance computed between the
cluster and the data point. Distance measure ensures the similarity among the data points belonging
to the same cluster and dissimilarity between disjoint clusters. Grouping a mixed dataset into
clusters is a significantly challenging task. Since it requires a suitable distance measure to
effectively compute the similarity/dissimilarity between data points and cluster centers, this chapter
utilizes the distance measure proposed by Ahmad and Dey™!in the clustering process. The

distance () between any data point (d;) and cluster center (c;) is computed as follows:

my mc
2
8(die) = ) (we(dr = ) + ) 0(d5,65)° (5.4)
t=1 t=1

Here, the first component represents the distance between tt" numeric attribute value of data point
d;; (diy) and cluster center (cj,) and the second component represents the distance between the tth

categorical attribute value of data point d;; (df) and cluster center (cj;). w; represents the
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significance of t** numeric attribute. It is calculated by computing the average distance between all
pairs of discretized numeric attribute values. The distance between two attribute values of a
categorical attribute is measured by computing the co-occurrence of these values with attribute

values of other categorical attributes.

5.1.3 Artificial Electric Field Algorithm (AEFA)

AEFAI] js a population-based meta-heuristic, which mimics Coulomb's law of electrostatic
attraction force and the law of motion. In AEFA, the possible candidate solutions of the given
problem are represented as a collection of the charged particles. The charge associated with each
charged particle helps in determining the performance of each candidate solution. Attraction
electrostatic force causes each particle to attract towards one another resulting in the global
movement towards particle with the heavier charge. A candidate solution to the problem represents
the position of charged particles, where the charge of particles is determined using a fitness function.

The steps of AEFA are as follows:

A. Initialization of Population

A population of P candidate solutions (charged particle) is initialized as follows:

CP; = (CPilr CPZ,CPf ........ CPid)'Vi =123..p (55)

Where, CP} represents the position of i*" charged particle in the k®* dimension, and D is the

dimensional space.

B. Fitness Evaluation

The performance of each charged particle depends on the fitness values at each iteration. The best
and the worst fitness is computed as follows:
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Best (t) = minl-, Fitness (t) (5.6)
Worst (t) = max]-, Fitness (t) (5.7)

Where, Fitness (t) and nare the fitness value of i*"* charged particle and size of the population,
respectively at time t. Best (t), Worst (t) represents the best fitness and the worst fitness of all
charged particles at time t.

C. Computation of Coulomb’s Constant

At time t, the Coulomb’s constant is denoted by K, (t) and computed as follows:

K.(t) = K, * exp (—a lt%) (5.8)

Where, K, represents initial value and « is a random value, respectively. iter and N represents

current iteration and maximum number of iterations.

D. Computation of the Charge of Charged Particles

At time T, the charge of i*" charged particle is represented by Q;(T). It is computed based on the

current population’s fitness as follows:

q;(t)
(T) = o———= 59
(T 1 q:(0) (59)
fitness. i(t)—Worst(t)
Where, qi(t) - exp( Best(:)—Worst(t) ) (5.10)

E. Computation of the Electrostatic Force and Acceleration of the Charged

Particles

1. The electrostatic force exerted by j¢"* charged particle on the i*" charged particle in the D"
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dimension at time T is computed as:

(@ ;) (PP®) - XxP(®)

F2(t) = K(t) Ot (5.11)
ij
FP(t) = Z rand () + F2(¢) (5.12)
j=1,j#i

Where, Q;(t) and Q;(t) are the charges of i*" and j** charged particle at any time t. ¢ is a small
positive constant and R;;(t) is the distance between two charged particles i and ;. PJ-D (t) and XJP (t)
are the global best and current position of the charged particle at time ¢. F” (¢) is the net force exerted

on it" charged particle by all other charged particles at time t. rand() is a uniform random number

in [0, 1] interval.

2. The acceleration a? (t) of i*" charged particle at time T in D" dimension is computed using the

Newton law of motion as follows:

Q:(T)  EP(t)
MP (t)

FP(®)
Q:(T)

a? (t) = , EP(0) = (5.13)

Where, EP (t) and MP(t) represents the electric field and unit mass of i** charged particle at any

time and in D** dimension respectively.

F. Updation of Velocity and Position of Charged Particle

At time T, the position and velocity of i*" charged particle in D" dimension is updated as follows:

vel? (T + 1) = rand; x velP(T) + aP(t) (5.14)

CPP(T +1) = CPP(T) + velP(t) (5.15)
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where, rand () is a uniform random number in the interval [0, 1].

5.2 Proposed Clustering Algorithm

In this section, the proposed clustering algorithm is described in detail. The algorithm starts with
accepting preprocessed mixed dataset as input and initializes parameters. Subsequently, a population
of candidate solutions is generated, where each solution is composed of two segments: the first
segment represents threshold values, and the second segment represents cluster centers. The
threshold values of the first segment determine whether or not the corresponding cluster centers are
active in the second segment. Further, by computing the fitness value for each candidate solution,
the best solution is selected. The population is iteratively updated until the termination condition is
satisfied and the optimal solution is returned. The symbols used in the proposed clustering algorithm
are presented in Table 5.1. The detailed workflow and pseudocode of the proposed clustering

algorithm are presented in Figure 5.1 and Algorithm 6, respectively.

5.2.1 Population Generation

In this step, the population of candidate solutions is initialized. For the dataset which has n data point

with dimension D each, the maximum number of cluster center is computed as follows:
Kinax = Vn (5.16)

Each candidate solution (X;) is represented by D, = K0 + Kmax * D dimension. The first segment
of X; contains K,,,, threshold values (Th), which are generated randomly within the interval of
[0,1]. The second segment comprises the k., cluster centers, where each of which has D dimension.

The Threshold values representation of each candidate solution (X;) is as follows:
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Thiy

iKmax ikmax

—_—

Threshold values Cluster centers

Where, Th;; represent the threshold value of C;; cluster center and C;; represents j** cluster center

of it" candidate solution.

Table 5.1: Symbols used in the proposed clustering algorithm

Symbol Definition

9 Distance between the data point and cluster center

dl tt" numeric value of i*" datapoint

df, tth categorical value of i*" datapoint

CcPP Position of it" charged particle (candidate solution) in D" dimension

cp/ jt" cluster center belonging to it" charged particle

D Dimension of objective space that helps in determining the overall dimension of a
candidate solution

Fitness()  Objective (fitness) function

Best (t) The best fitness value of a charged particle at time t

Worst (t) The worst fitness value of a charged particle at time ¢

K, Initial value of Coulomb’s constant

K. Coulomb’s constant at time t

q;(t) Small value of charge on it" charged particle at time t that helps in determining the
total charge of (i*") charged particle

Q;(t) Total charge acting on a it" charged particle at time t

FR3(t) Force exerted by jt* charge particle on it" charge particle in Dt dimension at time ¢

FP(¢t) Net force on it" charged particle in D" dimension at time t

PP () Global best position of jt* charged particle in D* dimension at time t

XP (@) Current position of j* charged particle in D" dimension at time t

R;;(t) Distance between i" and j¢* charged particle at time ¢

k., tive Total number of active clusters

a? (t) Acceleration of it charged particle in D* dimension at time t
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Th]

They

Teot
SD(CP;)
Scat(CP;)
Dist(CP;)
ngi

0%

Dpax

Dmin

Electric field of i*" charged particle in D** dimension at time t
Mass of i*" charged particle in D** dimension at time t

Velocity of i*" charged particle in D** dimension at time t
Maximum number of clusters centers

Population size (number of datapoints)

Overall dimension of a charged particle (candidate solution)
Maximum number of iterations

Threshold value of j¢* cluster center belonging to i** candidate solution
The selection threshold value of a cluster center

The cut-off threshold value of a cluster center

SD index value of a i*" charged particle

Intra-cluster distance of a i** charged particle

Inter-cluster distance a it" charged particle

Variance of clusters belonging to it" charged particle

Variance of dataset (x)

Maximum distance between the cluster centers of a charged particle

Minimum distance between the cluster centers of a charged particle

5.2.2 Active Cluster Center Selection

In this step, active cluster centers among k,,,, Cluster centers of a candidate solution are selected.

Selection of the active cluster centers is based on the following condition:

1, Th!>Tg,,
= (5.17)
0, Otherwise

Where, T,,; represents the cutoff threshold for every cluster center. It is initially set to a random

value between [0,1] interval. In succeeding iterations T.,; is computed as follows:

Kactive

1
Teor = E Z The

=1
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1

Tha = |- (ZQ(d{,CPQ)ZH ZQ(df,CPfl)z
¢ i=1 i=1

v

Input pre-processed mixed dataset

v

Compute the distance between each pair of categorical

v

Initialize the algorithm parameters

v

Generate population of charged particles (CP)

v

Find out the active cluster centers CPl.j in each CP

v

Assign each data point CP; to nearest active CPij

Y

Active CPl.j
empty?

»| Reinitialize CP;

l

Update the population using AEFA algorithm

v

Update Th,; and Th,,, for each active CPl.j in updated

v

No Stopping criteria

reached?

v Yes

Return charged particle with optimal cluster centers

Figure 5.1: Workflow of the proposed clustering algorithm
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Where, Th,, represents the selection threshold of a cluster center. 2(d], CP};) and 2(df,CP;
represents distance between " data points and corresponding cluster center of the numeric and
categorical attribute, respectively. K, :ive represents number of active cluster centers. n.represents

the total number of data-points belongs to an [**active cluster center.

Algorithm 6: Proposed Clustering Algorithm for the Mixed Dataset

Input: Dataset with both mixed numeric and categorical attributes and n data points
Output: Optimal number of cluster centers
1. Define the maximum number of iterations (N), the maximum number of clusters (Kpax ),
population size (P), selection threshold (Th,;) and cut-off threshold (T,,;)
2. Compute the dimension (D,) and generate an initial population of charged particles (CP) as
cluster centers
3. Initialize iter =1
4. while iter < N do
4.1 foreachiinpdo
for each j in K4, do
if (Th;;>T,¢) then
Select and activate the cluster center CPl.j using Eq. (5.17)
else
CPl.j is set to inactive
end if
end for

for each data point CP; in given mixed dataset
(a) Compute the distance between CP; and active CPL.j using Eq. (5.4) and assign the
CP; to the closest active CPL.j

(b) Verify and reinitialize the empty CPL.j as described in section 5.2.3
end for
end for
4.2 Update the population using the AEFA algorithm (mentioned in section 5.1.3). The
exploration process is guided by the fitness function using Eq. (5.20) and Eq. (5.21), and
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the distance measure for the mixed dataset using Eq. (5.4)
4.3 Update Th, and T, for each CP in the updated population using Eqg. (5.18) and Eqg.
(5.19)
4.4 iter =iter +1
end while

5. Return the charged particle (CP) with optimal cluster centers.

5.2.3 Empty Clusters Validation

A cluster center is said to be empty if no data points or less than 2 data points are assigned to it. Such
problems are resolved by reinitializing the cluster center for that candidate solution. The candidate

solution is reinitialized by assigning n/k,..iye data points to each nearest active cluster center.

5.2.4 Fitness Evaluation

In this step, the performance of the candidate solutions (cluster centers) is measured. As the
performance critically relies upon a suitable cluster validation criterion. A random selection of
criteria for clustering may lead to poor results. Therefore, the SD index!*% is chosen for cluster

validation, and the resulting fitness of the candidate solution is computed as follows:

K — ko
Fitness (CP;) = SD (CP;)) » —2&x __—active (5.20)
kactive +1
Where, SD (CP;) = a * Scat(CP;) + Dist (CP;) (5.21)

Scat(CP) and Dist (CP) represents intra-cluster distance (compactness) and inter-cluster distance

(separation), respectively. Scat(CP) and Dist (CP) are computed as follows:

Where, Scat(CP;) = !

kactive ||O-(CPi)|| : Dmax wKactive 1
——=+—  Dist (CP;)) —
s (CP) =

active =1 ol KL (zpeseo(erf, cpp))
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: 2
Sk, 90, xP)

n

2
14 _ Z}cl=1‘9(xleJCPiD)

b _
T(cpy) = and oy =

ng
and Dp,q, = MaXjeq23.c(19(w;, v)I)

and Dy, = minjeq o319 (g, v)I)

Where, G(l)CPi) and 085) represents variance of i*" cluster and variance of dataset along D"* dimension,

respectively. CPP and x? represents cluster center of i*" cluster and dataset along D** dimension,
respectively. A candidate solution with minimum fitness value is considered a highly accurate

solution and is thereby selected as an optimal result.

5.3 Experimental Results of Proposed Clustering Algorithm

This section is further divided into three subsections. Subsection 5.1 gives a performance comparison
of the proposed algorithm with the existing mixed data clustering algorithms. Subsection 5.2
discusses the application of the proposed algorithm to the clustering of postoperative surgical
records, and Subsection 5.3 presents the statistical significance test of the proposed clustering

algorithm.

5.3.1 Performance Comparison of the Proposed and existing Mixed Data

Clustering Algorithms

At first, 5 real-life datasets are used to evaluate the performance of the proposed clustering algorithm.
These  datasets are obtained from the UCI  machine learning  repository
https://archive.ics.uci.edu/ml/datasets.php). The description of the datasets is shown in Table 5.2.
Then, the performance of the proposed clustering algorithm is compared with existing mixed dataset

clustering algorithms. For performance comparison, two cluster quality measures: average
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accuracy™?!l and standard deviation*?%, are used. Average accuracy represents the quality, and the
standard deviation represents the reliability of the clustering algorithm. During each iteration of the
proposed clustering algorithm, both average accuracy and standard deviation contribute to the
robustness of the clustering algorithm, where a high value of average accuracy and lower standard

deviation makes a clustering algorithm more robust.

Table 5.2: Characteristics of the used datasets

Dataset Data points Attributes Classes
Numeric Categorical

Heart Disease (1) 303 5 8 2

Heart Disease (2) 270 6 8 5

Credit Approval 690 6 8 2

Iris 150 4 - 3

Soybean 47 - 35 4

A. Parameter Setting

For experiments, the parameters used in the proposed clustering algorithm, i.e., population size (P),
the maximum number of clusters (K,,4y), Coulomb’s constant (K,), and the maximum number of
iterations (N) are initialized as follows: P is set to 20, K,,4, is set to v/n, where n is the size of the

dataset, K, is set to 500, and N is set to 20.

B. Performance Comparison

The performance of the proposed clustering algorithm is compared with existing mixed data
clustering algorithms: K-means clustering algorithm for mixed dataset (KMCMD)™?° and K-
harmonic means clustering algorithm for the mixed dataset (KHMCMD)*?H K-prototype (KP)
clustering for mixed data™*!, improved K-prototype (IKP) clustering algorithm for mixed data?],

SBAC®® and Ji et al.’>¥ The experiments are performed in 50 iterations. In every 10 iterations,
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the number of correct predictions of data points and corresponding class labels obtained by the
proposed algorithm is computed in terms of average accuracy (AC). Finally, among the obtained 5
results, the results with the maximum average accuracy (AC) and minimum standard deviation (Sd)
of most frequently selected active clusters is chosen as optimum cluster centers. The results are
presented in Table 5.4. Table 5.4 demonstrates the comparative results of the AC and Sd among the
proposed clustering algorithm and compared algorithms for the used real-life datasets. According to
Table 5.4, for Heart Disease (1) dataset with 303 data points containing 5 numeric and 8 categorical
attributes, the proposed clustering algorithm has achieved the best AC followed by KHMCMD,
KMCMD, IKP, Ji et al., SBAC, and KP. The proposed clustering algorithm shows 6%, 0.7%, 2%,
3.8%, 9.4%, and 26.9 % more accurate results than KHMCMD, KMCMD, IKP, Ji et al., SBAC, and
KP, respectively. For Heart Disease (2) dataset with 270 datapoints and having 6 numeric and 8
categorical attributes, the proposed clustering algorithm have produced 1.2%, 2.06%, 17.5%, 28.2%,
and 28.3% more accurate results than KHMCMD, KMCMD, IKP, KP, and SBAC, respectively. For
the credit approval dataset with 690 datapoints and having 6 numeric and 8 categorical attributes,
the proposed clustering algorithm achieved 1%, 3.9%, 8.3%, 30%, and 30.7% more accurate results
than KHMCMD, KMCMD, IKP, KP, and SBAC, respectively. For the Iris dataset with 150 data
points and having 4 numeric attributes, the proposed clustering algorithm have achieved 9.8%,
10.1%, and 54.7% more accurate results than IKP, KP, and SBAC, respectively. For the soybean
dataset with 47 data points and having 35 numeric attributes, the proposed clustering achieved 1%,
5.4 %, and 29.3% more accurate results than IKP, KP, and SBAC, respectively. The results in Table
5.4 demonstrate that for all 5 datasets, the AC of the proposed clustering algorithm is higher. In
contrast, the Sd for the proposed clustering algorithm achieves a lower value as compared to the
existing mixed data clustering algorithm. The comparative results of Table 4 are presented as a graph
in Figure 5.2, which shows the AC of the proposed clustering algorithm and existing clustering
algorithms for the used real-life datasets. The height of the bar represents the measured AC, so that
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the longer the bar, the higher the AC. The Sd obtained for the corresponding dataset is mentioned at
the top of the bar. Figure 2 represents that the proposed clustering algorithm achieved the highest
AC as well as the lowest Sd for all the datasets. Thus, Figure 5.2 reveals that the proposed clustering

algorithm is more robust to optimal cluster center selection.

5.3.2 Application of the Proposed Clustering Algorithm to Postoperative

Surgical Patients

Surgical patient clustering is defined as a process of arranging the patients into distinct groups based
on their similarity of characteristics. These characteristics include age, gender, body mass index
(BMI), American Society of Anesthesiologists (ASA) fitness grade, etc. For multi-specialty
hospitals, where an enormous number of patients receive their surgical care, it is quite challenging
to manage the surgical records efficiently. Efficiently managed surgical records help hospitals to
improve patients care and monitoring to enhance the efficiency of resources within the hospital. In
this section, the surgical record management procedure (SRMP) of a multi-specialty hospital, India,
is examined. The proposed algorithm is implemented on the hospital’s existing SRMP to cluster

surgical records and enhance existing SRMP.

A. Dataset Description

The historical postoperative surgical mixed dataset is obtained from Shri Mahant Indiresh Hospital,

Dehradun, India. The description of the datasets is given in Table 5.3.

B. Significance of Active Clusters Selected by the Proposed Clustering
Algorithm

During each iteration of the algorithm, the significance of the obtained clusters is computed using
two parameters: (1) frequency of the number of active clusters selected and (2) average accuracy™?l,

The frequency of clusters n. is computed as:
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Sne,
Fo(ne,) = = (5.22)

t
Where, Sy_is the number of times a particular cluster is selected, and R, represents the total number
l

of iterations. Since the surgical dataset has no class label, the average accuracy of the proposed
clustering algorithm is measured using SD index. The average accuracy is computed as the inverse

of the SD index, and the result with the minimum SD index is considered as a highly accurate

clustering outcome.

Table 5.3: Postoperative surgical dataset characteristics

Attribute Type Description

Age Numeric Patient’s age at the time of surgery

Gender Categorical Gender of patient

BMI Numeric Body mass index of patient

ASA fitness grade  Numeric Patients’ physical status required before surgery
Marital Status Categorical Marital status of patients

Ethnicity Categorical Ethnicity of patient

Comorbidity Numeric Charlson comorbidity index

Type of Surgery Categorical Classifies attempt of surgical procedure
Surgery Duration Numeric Length of surgical procedure

Procedural code Categorical Primary procedure code

Diagnose code Categorical Primary diagnosis code

Surgery Domain Categorical Classifies surgical procedure

Grade of Surgery Categorical Classifies risk of surgical procedure to the life of the patient
Urgency of surgery Categorical Classify the schedule of a surgical patient.

LOS Numeric Length of stay in hospital after surgery (in days)
C. Results

The experiments are carried out in 50 iterations, and the results obtained in the pair of 10-10 iterations
are shown in Table 5.5. Table 5.5 demonstrates the frequency of selecting the active clusters and the

average accuracy (AC) of the clustering outcome determined by the proposed clustering algorithm.
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In each pair of iterations, the active clusters' selection frequency and their corresponding SD
index value are computed. The average accuracy (AC) and standard deviation (Sd) of the
obtained clustering outcomes are computed using the obtained SD index value. Finally, the
active cluster with the maximum AC and the minimum Sd is selected as optimum cluster centers.
According to Table 5.5, the proposed algorithm selects 6 optimal active clusters most frequently
with AC and Sd of 0.77, 0.18, respectively, in the first 10 iterations. In the next 11-20 iterations,
4 optimal active clusters are frequently selected with AC and Sd of 0.81 and 0.23, respectively.
During iterations 21-30, 6 optimal active clusters are selected frequently with AC and Sd of 0.86
and 0.14, respectively. In 31- 40 iterations, the proposed clustering algorithm selects 6 optimal
active clusters frequently with AC and Sd of 0.87, 0.12, respectively. In the final 41-50
iterations, 5 optimal active clusters are selected frequently with AC and Sd of 0.82 and 0.21.
The clustered visualization of iteration-based results, demonstrated in Table 5.5, is presented in
Figure 5.3. Figure 5.3 shows the scatter plot of the most frequently selected active clusters during
each pair of 10 iterations. Since the dataset has both mixed numeric and categorical attributes,
the scatter plots are generated based on the distance between the data points and active cluster
centers. Each cluster in the figure is represented by a cluster name, and a circle is used to
distinguish between the obtained active cluster partitions. It is too noteworthy to mention here
that the circle does not represent the shape of any cluster. Figure 5.3 clearly shows that the
proposed clustering algorithm has produced nonoverlapping and well-separated cluster
partitions in every pair of iterations. Further, due to higher average accuracy and lower standard
deviation, the clusters in Figure 5.3(d) are considered optimal cluster partitions. The overall
performance is summarized in Table 5.6 and plotted as line graph in Figure 5.4. It shows that
the proposed clustering algorithm obtains 6 optimal active clusters with a frequency of 1.2 and

an AC of 0.87 with Sd of 0.12.
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Table 5.4: The performance comparison of proposed and existing mixed data clustering algorithms

Dataset Proposed Improved K- SBAC KHMCMD KMCMD Ji et al.l1%4
Algorithm Prototype
AC Sd AC Sd AC Sd AC Sd AC Sd AC Ssd
Heart Disease (1) 0.846 0.14 0.826 ~ 0.577 ~ 0.840 0.15 0.8389 0.15 0.808 ~
Heart Disease (2) 0.828 0.18 0.653 ~ 0.546 ~ 0.816 0.33 0.8074 1.20 ~ ~
Credit approval 0.862 0.11 0.779 ~ 0.562 ~ 0.852 0.38 0.8223  12.77 0.794 ~
Iris 0.92 0.18 0.822 ~ 0.819 ~ ~ ~ ~ ~ ~ ~
Soybean 091 0.16 0.90 ~ 0.856 ~ ~ ~ ~ ~ ~ ~
= ® © m Heart Disease (1)
— ~
é 0.; g g g°e g § § g § 5 = Heart Disease (2)
> *GE) <08 = Credit Approval
g = g 0.7 Iris
c
é é g 82 = Soyabean
LS O
82 o3
L5 c '
z5 = 02
°TE® 01
I 0
e Proposed  Improved K- K-Prototype SBAC KHMCMD  KMCMD  Jietal.[154]
Algorithm Prototype

Figure 5.2: Comparison of clustering accuracy of proposed and existing clustering algorithms

Mixed data clustering algorithms
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Table 5.5: Frequency (F,) and average accuracy (AC) (and standard deviation (Sd)) of the clusters selected by the proposed clustering algorithm

for the postoperative surgical dataset

Iterations No of active cluster extraction
2 3 4 5 6 7 8

1-10 Fy 0.0 0.5 0.8 0.4 14 0.6 0.3

AC 0.0 0.51(*0.63)  0.62(*0.42)  0.47(*0.360) 0.77(*0.18) 0.59 (*0.48)  0.44 (*0.44)
11-20 Fq 0.4 0.5 0.9 0.6 0.6 0.8 0.2

AC 0.46 (*0.39)  0.54(%0.34)  .81(¥0.23)  0.58(%0.42) 0.69 (*0.24) 0.75(*0.21)  0.33 (*0.56)
21-30 F, 0.0 0.0 0.8 0.9 15 0.2 0.6

AC 0.0 0.0 0.68 (*0.35)  0.78(*0.21)  .86(*0.14)  0.37(*0.64)  0.51 (*0.60)
31-40 F, 0.3 0.0 0.9 1.0 1.2 0 0.6

AC 0.32 (*0.69) 0.0 0.54 (+0.43)  0.62(*0.31) 0.87(*0.12) 0. 0.41 (+0.48)
41-50 F, 0 0.8 0.8 1.1 0.6 0.7 --

AC 0.0 0.46(*0.36)  0.53(*0.62)  .82(¥0.21)  0.39(*0.46) 0.48 (*0.54) -
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(c) Iterations (21-30): Clusters = 6, F,= 1.5, AC = 0.86, Sd=0.14
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Figure 5.3: Cluster center selection frequency (Fy), average accuracy (AC) and standard deviation

(Sd) for the postoperative surgical dataset

Table 5.6: Performance of the proposed mixed dataset clustering algorithm on the postoperative

Value

O L, N W OULO N

surgical dataset

Parameter Value
No of active cluster obtained (standard deviation) 6.0
Frequency of active cluster selection (Fy) 1.2
Average accuracy (AC) 0.87
Standard deviation (Sd) +0.12
6.0
L2 0.87
—— 0.12
—

No. of active cluster Frequency of active Average Accuracy Standard Deviaton

obtained cluster selection

Parameters

Figure 5.4: Performance of the proposed clustering algorithm on the postoperative surgical dataset
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5.3.3 Statistical Significance Test of Proposed Clustering Algorithm

Although results based on average accuracy (AC) and standard deviation (Sd) from Table 5.3
indicate that the proposed clustering algorithm outperformed compared algorithms, the statistical
analysis is performed to validate the proposed clustering algorithm's performance. The statistical
analysis helps in determining whether the results obtained by the proposed clustering algorithm are
significant (P-value < 0.05) or not. In recent years, several methods!**¢! are used to compare and
validate the performance of clustering algorithms. Since the proposed clustering algorithm aims to

299

find optimal cluster centroids (means), a statistical analysis method based on “mean” knows as
unpaired t-test! is used to validate the proposed clustering algorithm. The unpaired t-test compares
the means of results produced by the proposed clustering algorithm and the second-best performing
clustering algorithm (KHMCMD) of Table 5.4. The results obtained in Table 5.7 demonstrate that
P-value satisfies the significance level (< 0.05) for all datasets, which shows the clustering results

produced by the proposed clustering algorithm are statistically significant than the other existing

clustering algorithm.

Table 5.7: Unpaired t-test between the proposed and existing KHMCMD clustering algorithm

for real-life datasets

Dataset Standard t 95% Confidence  Two-tailed Significance
Error Interval P-value
Heart Disease (1) 1.000 10.0000 -12.306 to -7.693 0.0001 Extremely
Significant
Heart Disease (2) 1.811 13.0309 -27.78t0-19.42 0.0001 Extremely
Significant
Credit Approval 1.00 5 -7.306 to-2.693 0.0011 Significant
Iris 1.87 4.06 -11.914 to -3.285 0.003622 Significant
Soybean 1.522 3.8335  -9.281t0-2.39 0.0040 Significant
Postoperative 1.709 2.9450 -9.0725to -0.9916 3.2e7° Significant

surgical dataset
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Chapter 6

OPTIMAL SURGICAL TEAM
SELECTION

ddressing the surgical team selection challenge faced by multispecialty
hospitals, a decision-making model is proposed in this chapter to select
an optimal list of surgical teams for a patient. The proposed model deals
with two critical issues: To improve the existing surgical history
management system by arranging surgical patients into optimal sub-groups based on
their similar characteristics, and 2) based on surgical patient sub-groups, to select an
optimal list of surgical teams for a new surgical patient. For arranging surgical patients
into optimal sub-groups and optimal surgical team selection, a population-based meta-
heuristic clustering algorithm for the mixed dataset and a population-based meta-

heuristic algorithm for multi-objective optimization are proposed in this chapter.

6.1 Multi-Objective Optimization

A multiple-objective problem (MOOP) can be a minimization problem or a
maximization problem. It involves O distinct target objectives defined as follows:
Minimize / Maximize:

Fitness (P.) = [Fitness;(R.), i =1,2...0] (6.1)
Subject to constraints: EC;(B.) <0, j=1,2,..j,and IC,(B) <0, k=1,.2,..k
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Where, Fitness; (B,) represents i objective function of A" solution, and EC;(P.) and
1C, (P.) represents jt" equality and k" inequality constraints, respectively. In MOOP,
the Pareto dominance theory**®l is utilized to determine optimal solutions in global

search space, is defined as follows:

According to MOORP, a solution vector T:ll; ly; ...; Ly shows dominated by vector 7

=1y 1y ... Ty, ifand only if
Vie {1d},n§ll§|l S {1d}' ri<li

Where, d implies the dimension of the objective space. If a solution # € R is not
dominated by any other solution (I € L), it is called Pareto optimal. These solutions ()

are said to be a non-dominated set of solutions, also called Pareto optimal set.

6.2 Proposed Surgical Team Selection Model

This section provides a detailed description of the proposed model. The proposed model
is comprised of two modules; surgical history management (SHM) and surgical team
selection (STS). The SHM module performs two activities: 1) clustering of existing
surgical patients based on their characteristics, and 2) the filtration of existing surgical
team details. The STS module produces an optimal list of surgical teams for a given
patient. The SHM module is designed to assist the STS module in decision-making.

The workflow of the proposed model is presented in Figure 6.1.

6.2.1 Surgical History Management (SHM) Module

Surgical history is a vital aspect of medical records and includes social and
demographic records of surgical patients, surgical team details, and diagnostic &
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procedural test. For multispecialty hospitals that provide surgical services to numerous

patients, efficient management of surgical records is essential. An efficiently organized

surgical history help hospitals to enhance their patient care and resource efficiency. To

utilize these surgical records, the following two activities are performed in the SHM

module.

Details of newly
patient for
referred for

surgery

Surgical History Management Module

Y

Clustering existing
surgical patients
using proposed

~_

Postoperative surgical dataset

Filtration of
existing surgical
team (surgery-

algorithm (POS) | based record)
Patient and surgical team details
N l __________ I _________ l ____________ l_______________________'-
' | Patient Patient Patient Patient Surgery-based |}
| optimal optimal optimal optimal record of 5
| cluster; cluster, clusters | ™ cluster, individual team |} :
i member i

Surgical Team Selection Module

Selected suitable optimal cluster for the patient

v

Retrieval of exiting surgical team

v

Selection of optimal surgical Team using

proposed multi-objective algorithm

Figure 6.1: Model for selection of optimal surgical team
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A. Clustering of Existing Surgical Patients

Arranging existing surgical patients in disjoint clusters based on their characteristics
helps hospitals to find a possible sub-group for a newly referred surgical patient.
Therefore, in this section, an efficient data clustering algorithm (discussed in chapter 5)
for the mixed dataset is proposed to cluster surgical patients. The proposed clustering
algorithm (Algorithm 7) based on the AEFA (discussed in chapter 5), focuses on
finding optimal clusters automatically. The steps performed in the proposed clustering

algorithm are as follows:

Algorithm 7: Proposed Algorithm for Clustering of Surgical Patients

Input: A postoperative surgical dataset
Output: Patients and their optimal clusters
1. Define the maximum number of iterations (MaxIT), the maximum number of

clusters (CLCp,qy ), population size (Ps), selection threshold (THV;,) and cut-off
threshold (T¢oy)

2. Compute the dimension (Dim,p) and randomly initialize a population of patients
(PT) as cluster centroids from the dataset
3. Initialize iteration counter, I, =1
4. while I; < MaxIT do
4.1 foreachiinP, do
for each jin CLC,,,, do
if (THV;j>T¢oy) then
Verify and activate the centroid PTl.j using Eq. (6.6)
else
PT/ is set to inactive
end if
end for

for each patient (PT;) in the given mixed dataset do
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(a) Compute the distance between PT; and active PTl.j using the
distancemeasures (discussed in chapter 5) and assign the PT; to the

nearest active PT;

(b) Verify and reinitialize the empty PTl.j as described in chapter 5
end for
end for

4.2 Update the population using the AEFA algorithm (sub-section 6.2.1). The

fitness function in Eq. (6.8) and the distance measures (discussed in chapter 5)

are used to direct the exploration process.
4.3 Update THVs;, and T,y for each PT in the updated population using Eq. (6.7)
44 I, =1, +1
end while

5. Return the patients (PT) and their optimal clusters.

(i) Improved Electrostatic Force Computation and Velocity Update

In traditional AEFAI, total electrostatic attraction force (F?) (Eg. 6.2) on a i‘"
charged particle is computed by multiplying a random number to the electrostatic force
exerted by jt" charged particles on it. This force affects the acceleration and velocity,
thus resulting in the global movement of all charged particles. Furthermore, the velocity
(Eq. 6.4) of i*" charged particle is updated by multiplying a random number to its
existing velocity value. These random numbers add stochastic behavior in the
algorithm’s searching process, resulting in an imbalance between exploration and
exploitation, thus causes the algorithms to trap in local optima. To maintain a balance
between exploration and exploitation, instead of using only random number we have
considered charge of a charged particle (q;) also. The charge of a charged particle
controls the stochastic behavior during the computation of F” and velocity; this, in turn,

reduces the acceleration and velocity values of the charged particle, thus balancing
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exploration and exploitation. The modified equations (Egs. 2 and 4) are as follows:

N
F2(T) = Z rand; () * F2(T) (6.2)
j=1,j#i
N
FP(T) = Z (rand; * 1, + (1 — eV) 1) * FH(T)  (6.3)
j=1,j#i
vel? (T + 1) = rand; * vel?(T) + aP(T) (6.4)

velP(T+1) = (randl- * 1y + (1 — eJq_i) * rz) * velP (T) + aP(T) (6.5)

Where, 1, and r, are two non-negative integers and r; + r, =1. Further, in case of ;=1

and r,=0, Eqg. (6.2) & Eq. (6.4), and Eq (6.3) & Eq. (6.5) are treated identically.

(if) Selection of Active Centroids

For each candidate solution, active centroids are selected from CLC,,,, centroids based
on the following condition:

1, THV;j > Teoy

0, Otherwise
Where, Ty is the cut-off value for every centroid, and it is set to a random value
between [0,1]. T¢oy depends on the selection threshold value (THVs;) of a centroid and

computed as follows:

CLCqctive

1
Teov = =——— Z THYV. 6.7
cov CLCactive - SL ( )
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1 T c
Where, THVg, = \[H—SL (I Q(Pr, CLCL)D + (T (Pf, CLCE)?)
Where, CLC,.+ive represents the number of active centroids in each candidate solution.

(il) Computation of Fitness

The efficiency of a clustering algorithm depends upon the cluster validation criteria.
So, the Silhouette index (S1)1*“1 is used for cluster validation. The fitness of the

candidate solution is computed as follows:

LCmax — CL Cactive

Fitness(QPy) = SI(QP) » ©
. = ] *
lrness Q l Q t CLCactive + 1

(6.8)

Meang—Meany

Where, SI(QP;) =

max (Meang,Meanp)

Where, Mean, represents the mean distance to other data points in the same cluster,

i.e., mean intra-cluster distance, and Mean,, represents the mean distance to the other
data points in different clusters, i.e., mean inter-cluster distance. A candidate solution,

having minimum fitness, is selected as an optimal result.

B. Filtration of the existing Surgical Team

In this section, a postoperative surgical dataset is considered as an input. Subsequently,
on the basis of the required surgery type (e.g., orthopedic surgery, neurosurgery, and
pediatric surgery etc.), the details of existing surgical teams are retrieved. A surgical
team involves a surgeon, a nurse circulator, and an anesthesiologist. For each retrieved
surgical team, additional information such as the complication rate and patient’s
surgical feedback rating are computed and stored in a database. This stored information
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helps decision makers in optimizing the process of surgical team selection.

6.2.2 Surgical Team Selection (STS) Module

This module is invoked when the proposed model receives details of a new surgical
patient. Subsequently, an optimal cluster is selected for the new patient. The details of
the corresponding surgical teams are then retrieved from the selected cluster and
processed to obtain the optimal list of surgical teams. In this section, an efficient meta-
heuristic algorithm for multi-objective optimization is proposed to produce an optimal

list of surgical teams.

A. Proposed Multi-Objective Optimization Algorithm (MOOA) for

Surgical Team Selection

The proposed MOOA algorithm begins with parameter initialization. Subsequently, the
population of candidate solutions is generated. Finally, based on the fitness value of
each candidate solution, the best solution is selected. This process is performed
iteratively until the convergence condition is satisfied, and finally, optimum solutions
are obtained. Further, to improve convergence and to prevent solution from trapping in
local optima, bounded exponential crossover (BEX)!% and polynomial mutation
operator (PMO)[*> are used in the proposed algorithm. The proposed algorithm is

presented in Algorithm 8.

(i) Population Initialization

The proposed algorithm has two populations; search population (Ps.q-c,) and external
population (Pgyternat)- The Pseqrcn, Which contains initial candidate solutions,

computes the non-dominant solutions and stores them in the P.,ternai- The surgical
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Algorithm 8: Proposed Multi-Objective Optimization Algorithm for Surgical

Team Selection

Input: Details of the existing surgical teams (From STS and SHM modules)
Output: Optimal list of surgical Teams
1. Define search population size (Psgi,e), €xternal population size (Pgg;ze), and
maximum no. of iterations (MaxIT)
2. Initialize search population (Ps,q,-cx) Of the surgical team (ST) obtained from
the STS module.
3. Initialize external population Pgyierna = @, and set iteration counter I, = 1.
4. while (I;.< MaxIT)
4.1 for each ST € Pspurcn I U Pgxternal It
(@) Compute the fitness Fitness(ST) using Egs. (6.10) - (6.11)
(b) Compute the additional density value (Density) using k" nearest
neighbor algorithm.
end for

4.2 for each ST € Pgouren I U Pgxternal Itdo
if Fitness(ST) < 1 then

PExtfernalIt_’_1 = PExternalIt+1 U {ST}

end if

end for

4.3 if (size of (PExternaIItH) < Pgsize) then

(PSearchIt u PExternallt)
[15 Pgsize

P =P
Externaly,, 4 Externaly, , 4

g !
Externaly, 4

else
Compute the additional density values for each non-dominated ST in

PExtemalltHdelete a ST with the smallest density values

end if
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4.4 Select surgical team (ST) into the mating pool P, from
PSearchIt U PExt(;'r1mlIt+1
4.5 Evaluate charge, update the velocity and position of POP,, ., and obtain the

new ST's

4.6 Apply crossover and mutation operator (BEX) and (PMO) on population P, , |

4.7 foreach ST € PExternallt+1dO

Compute the additional density value of each ST

end for
4.8 for each ST € PExternallt+1dO
Compute the additional density value of each ST in Pgyternar Iea1

and perform non- dominated sorting
end for

49 I, =1, +1

end while

5. Return the optimal list of the surgical teams (ST)

team retrieved in the STS module serves as an initial Ps.,-cn, and along with the
surgical team extracted in the SHM module, it is used to conduct the exploration process
of the proposed algorithm. The maximum size of the initial population is computed as

follows:
Pssize = vV Pcomb (6.9)

Where, / Pcomp, IS the number of possible combinations of surgical team extracted from

the selected suitable patient cluster.

(i)  Fitness Evaluation

In this section, two objectives are considered to evaluate the performance of a surgical
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team: complications associated with surgery®™! and patient’s surgical feedback rating.
Surgical feedback is defined as the experience sought by the patient during the surgical
period. Feedback ratings of the existing surgical teams are collected in terms of the
surgical team's behavior and activity. The fitness functions are computed using as

follows:
Minimize: Fitness(ST) = CompF,(ST) (6.10)
and Maximize: Fitness(ST) = SF.(ST)

Where, CompF ,(ST) = a * Comp,(ST) + (1 — a) * noComp,(ST)

Where, CompF,(ST)B is a fitness value that represents a combination of complication
ratio Comp,, and no-complication ratio noComp, associated with the surgical team

(ST) at time t. SF, represents a surgical feedback rating. It is computed as follows:

n

SF. = 1 Z 2?51 RatlngSTji
t SPsr,

) (6.11)
=1

Where, Ratingsr,, represents the mean of feedback rating provided by j** patient of

it" team member. SPsr, and n are the number of surgical patients treated by it" team

member and the total number of team members, respectively. Thus, the overall
objective is to find surgical teams with a lower complication ratio and higher feedback

ratings.

Because the definition of charge in conventional AEFA was not found suitable to solve

MOOPI46] thus this section uses multi-objective function given by SPEA2'571 as the
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fitness function of AEFA.

Fitness(ST;) = Raw_Fitness(ST;) + Density(ST;),

Where, Raw _Fitness(ST;) = ¥; €POPs U POPgy, dom(j)
and dom(j)|{i|i € POPs,U POP,y }|

Where, Fitness(ST;), Density(ST;), and Raw_Fitness(ST;) represent the fitness
value, additional density value, and raw fitness value of the i** surgical team,
respectively. For each surgical team, Raw_Fitness(ST;) is computed in terms of
Comp,(ST) and SF,(ST), and it exhibits the strength of a solution (surgical team) by
computing the number of other solutions to whom it dominates and assigns a rank to
the solution. In a situation where multiple solutions are non-dominant and are assigned
similar ranks, the additional density value (Density) is used to differentiate various

solutions. In this section, k" nearest neighbor algorithm is used to estimate the density.

6.3 Experimental Results of Proposed Surgical

Team Selection Model

Experiments were performed using a real case study of a multispecialty hospital in
India. The proposed model was implemented using a postoperative surgical dataset
(POS) (discussed in chapter 5), which was obtained from the orthopaedic surgery
department of the hospital. Sub-section 5.1 discusses the performance of the SHM
module. Subsection 5.2 discusses the performance of the STS module. Table 6.1 lists

symbols used in the proposed framework.
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Table 6.1: Symbols used in the proposed surgical team selection model

Symbol Definition

Pssize Size of the initial search population

Psearch Search population

Prsize Size of the external population size

Pexternal External population

QP; Position of the i charged particle (candidate solution)

CLChax Maximum number of cluster centroids

THVg, Selection threshold value

CLCyctive Number of active cluster centroids

) Distance between data points and cluster centroids

P t" numeric attribute value of P;

P tt" categorical attribute value of P,

D Obijective space dimension

Pcomb Number of possible combinations of the surgical team

velP Velocity of a it" charged particle in the D" dimension

SF,; Surgical feedback rating

Ratingsr, Mean of surgical feedback rating provided by the jt* patient of the
i" team member

SPsr, The total number of surgical patients treated by the i*" surgical team

CompF, Combination of the complication ratio (Comp,) and the no-

complication ratio (noComp,)
Fitness (ST;)  Fitness of the it" surgical team
Density (ST;) Additional density value of the i*" surgical team

RaWritness (ST;) The raw fitness value of the it" surgical team

Mean, It represents the average distance to other data points in the same
cluster

Meany, It represents the average distance to the data points of different
clusters.

Tcov Cutoff threshold value

MaxIT Maximum number of iterations
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TEAFP Total electrostatic attraction force on a i*" charged particle in the D"

dimension.
aP(T) Acceleration of a i** charged particle in the D**dimension
qi Charge on a i*" charged particle

6.3.1 Performance Evaluation of Surgical History Management
(SHM) Module

The performance of the SHM module was evaluated in three steps. Firstly, the
performance of the proposed clustering algorithm was measured using nine real-life
datasets (Table 6.2). Secondly, it was compared with six existing clustering for non-
mixed dataset: (i) PSO, (ii) hybrid atom search optimization (ASO) and PSO
(ASOPSOQ), (iii) ASO, (iv) hybrid PSO and gravitational search algorithm (PSOGSA),
(v) hybrid PSO and firefly algorithm (PSOFA), (vi) hybrid ASO and sine-cosine
algorithm (ASOSCA) %81, The results revealed that the proposed clustering algorithm
outperformed existing algorithms (Table 6.3). Subsequently, the performance of the
proposed clustering algorithm was also compared with five existing clustering
algorithms for mixed dataset: (i) k-means clustering for mixed dataset algorithm!*21,
(i) KHMCMDM™2U (jii) k-prototypes clustering algorithm™5 (iv) Improved k-
prototypes clustering algorithm™2 (v) algorithm proposed by Ji et al.l*54, The
comparative results are shown in Table 6.4. Thirdly, the performance of the proposed
clustering algorithm was evaluated using the POS dataset. The results revealed that
considering all iterations, six active patient clusters with a selection frequency of 1.6,
an average fitness of 0.96, and a standard deviation of 0.13 were selected as an optimal

solution (Table 6.5).
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Table 6.2: Characteristics of real-life datasets

Dataset Data points Attributes Classes
Numeric Categorical Others
Breast Tissue 106 9 - - 6
CMC 1473 2 4 3 2
Wine 178 13 - - 3
Iris 150 4 - 3 3
Ecoli 336 7 - - 8
Heart Disease (1) 303 5 8 - 2
Heart Disease (2) 270 6 8 - 5
Credit Approval 690 6 8 - 2
Soybean 47 - 35 - 4
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Table 6.3: Comparison of the performance of proposed and existing clustering algorithms using non-mixed datasets

Dataset Index Algorithms
PSO ASOPSO  ASO PSOGSA PSOFA  ASOSCA  Proposed
Algorithm
Breast Tissue  Silhouette Index 0.74 0.71 0.29 0.77 0.69 0.77 0.82
Dunn Index 0.43 0.26 0.17 0.52 0.31 0.66 0.71
Davies-Bouldin index  0.61 0.51 1.07 0.57 0.56 0.63 0.44
CMC Silhouette Index 0.25 0.17 0.20 0.21 0.22 0.247 0.38
Dunn Index 0.08 0.07 0.06 0.10 0.09 0.04 0.12
Davies-Bouldin index  0.61 0.78 0.61 0.61 0.68 0.31 0.30
Wine Silhouette Index 0.29 0.32 0.23 0.36 0.37 0.52 0.55
Dunn Index 0.07 0.06 0.05 0.08 0.07 0.12 0.14
Davies-Bouldin index  0.52 0.56 0.60 0.41 0.43 0.12 0.12
Ecoli Silhouette Index 0.001 0.06 0.13 0.05 0.00 0.19 0.20
Dunn Index 0.05 0.06 0.07 0.06 0.06 0.11 0.12
Davies-Bouldin index  0.69 0.80 0.82 0.72 0.7 0.76 0.51

120



Table 6.4: Comparison of the performance of proposed and existing clustering algorithms using mixed datasets

Dataset Proposed Algorithm  Improved K-prototypes KHMCMD KMCMD Jietal. %4
K-prototypes
AC (STD) AC(STD)  AC(STD)  AC (STD) AC (STD) AC (STD)

Heart Disease (1)  0.853 (10.13) 0.826 () 0.577 () 0.840 (*0.15) 0.838 (*0.15) 0.853 (*0.13)
Heart Disease (2)  0.830 (*0.19) 0.653 (~) 0.546 (=) 0.816 (*0.33) 0.807 (*1.20)  0.830 (*0.19)
Credit Approval  0.864 (*0.11) 0.779 () 0.562 (~) 0.852 (*0.38) 0.822 (*12.77) 0.864 (*0.11)
Iris 0.95 (*0.17) 0.822 () 0.819 (~) ~ ~ 0.95 (*0.17)
Soybean 0.93 (*0.17) 0.90 (<) 0.856 (~) ~ ~ 0.93 (*0.17)

AC: Average accuracy, STD: Standard deviation. (~ shows results not available)
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Table 6.5: Performance evaluation of the proposed surgical patients clustering algorithm on the POS dataset

Number of Active Parameters Iterations
clusters Selected 1-10 11-20 21-30 31-40 41-50
2 Selection Frequency 0.0 0.3 0.0 0.5 0.0
Average Fitness 0.0 0.70(*0.42) 0.0 0.52(*0.33) 0.0
3 Selection Frequency 0.4 0.3 0.4 0.0 0.6
Average Fitness 0.74(*0.56) 0.71(*0.52) 0.58(*0.61) 0.0 0.66(*0.25)
4 Selection Frequency 0.6 0.8 0.4 0.6 0.6
Average Fitness 0.65(*0.40) 0.83 (*0.34) 0.76(*0.39)  0.80(*0.36) 0.52(*0.64)
5 Selection Frequency 0.3 0.7 0.6 0.8 1.0
Average Fitness 0.36(£0.47) 0.60(*0.36) 0.69(*0.23)  0.55(*0.37) 0.91(30.22)
6 Selection Frequency 1.0 0.8 1.2 1.6 0.4
Average Fitness 0.62 (¥0.16) 0.74(*0.35) 0.92 (*0.18) 0.96 (*0.13) 0.50(*0.32)
7 Selection Frequency 0.4 0.7 0.5 0.5 0.4
Average Fitness 0.57(0.58) 0.67(*0.40) 0.30(*0.28)  0.40 (£0.40) 0.52(*0.59)
8 Selection Frequency 0.3 0.1 0.3 0.0 0.0
Average Fitness 0.53(*0.32) 0.22(*0.38) 0.50(*0.41) 0.0 0.0
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6.3.2 Performance Evaluation of Surgical Team Selection (STS)
Module

The performance of the STS module of the proposed MOOA is evaluated on the basis
of parameters listed in Table 6.6 using three benchmark functions, namely SCH, FON,
and ZDT1047]. Subsequently, the performance of the proposed MOOA was compared
with four existing MOOAs: SPGSAR4] NSGA 1111471 NSPSO*%1 and BCMOAI[60]
on the basis of three performance parameters, namely converge metric [CM], diversity
metric [DM]I*4"], and generational distance metric (GD)™4. A minimum value of all
these parameters is desired for optimal solutions. The results demonstrated that the
proposed algorithm achieved a minimum value for CM, DM, and GD (in terms of the
mean) for all considered benchmark functions (Table 6.7). This finding indicated that
the proposed algorithm outperformed existing MOOASs in terms of the convergence rate
while maintaining the diversity among optimal solutions. The results shown in Table
6.7 are presented as a graph in Figure 6.2. For better representation, results in the graphs
are shown using a logarithmic scale, where higher logarithmic value represents
minimum value of the mean. As shown in Figure 6.2, the proposed algorithm achieved
a high logarithmic value of the mean (minimum value of the mean) for all metrics,
indicating that the proposed algorithm is more efficient and robust in comparison to

existing MOOA:s.

The details related to a surgical patient (Table 6.8) were submitted as input to the STS
module. Then, a suitable active patient cluster was selected from the six optimal active
patient clusters (obtained from the SHM module), and associated surgical teams were
extracted from it. The selected cluster contained 400 orthopaedic surgical records in
which 15 distinct surgeons, 40 anesthesiologists, and 30 nurses were involved. It
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resulted in 18000 possible combinations of surgical teams. Finally, 135 surgical teams

were generated as an initial search population, and the proposed algorithm was

implemented on it. The results are shown in Figures 6.3 and 6.4. Figures 6.3(a) and

6.3(b) show the comparison between the proposed and existing algorithms in terms of

the complication ratio and surgical feedback rating, respectively. From Figure 6.3(a) it

is clear that the proposed algorithm converged faster to the optimal solution and

obtained the lowest value of the complication ratio in comparison to existing

algorithms. Similarly, Figure 6.3(b) illustrates that the proposed algorithm achieved

maximum value of surgical feedback rating also. The final results presented in Figure

6.4 revealed that six optimal surgical teams were selected for the referred surgical

patient. This can be assigned to the patient as per availability of the team members.

Table 6.6: Performance parameters used in the proposed multi-objective

optimization algorithm

Description Parameter  Value for benchmark Value for
functions surgical
team

selection

Population (Surgical team) size Pssize 100 135

External population size Prsize 100 for SCH, FON, and 6

ZDT1

Initial value of Coulomb’s K, 500 500

constant

The maximum number of MaxIT 100 for SCH and FON, 50

iterations and 250 for ZDT1

Initial, Final crossover probability P.g, Pcr 1.0,0.0 1.0,0.0

Initial, Final mutation probability Py, Pyr 0.01, 0.001 0.01, 0.001
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Table 6.7: Comparison of the performance of proposed and existing multi-objective optimization algorithms

Performance  Benchmark Algorithms
Metric Functions Proposed
Algorithm SPGSA NSGA 11 NSPSO BCMOA

CM Metric SCH Mean 1.59 x 1071 1.65x 1071 3.8x 107! 8.6 x 1071 7.6 x 1071
FON Mean 1.58 x 1071 1.61x107Y 414 x 1071 5.81 x 1071 48 x 107t
ZDT1 Mean 1.56 x 1071 1.61x 107t  4.06 x 1071 6.38 x 1071 59 x 1071

DM Metric SCH Mean 2.81x 1073 3.2x1073 3.14 x 1073 3.40 x 1071 3.2x1073
FON Mean 1.68 x 1073 1.7 x 1073 2.36x 1073 2.84 x 1071 2.7 x1073
ZDT1 Mean 1.09 x 1073 1.1x1073 4.02x 1073 3.81x 1071 1.1 x 1073

GD Metric SCH Mean 3.19 x 107* 3.78 x 10~* 3.68x10~* 45x 10~ 3.78 x 10—*
FON Mean 3.65x107° 213x107* 294x10* 3.6 x 10~ 3.62x 10~*
ZDT1 Mean 3.02x 107> 24 x10™* 5.56 x 10—* 43 x 10~ 2.02x10~*

(~ shows results not available)
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Figure 6.2: Comparison of performance between proposed and existing
MOOA s based on a) CM, b) DM, and c) GD
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Complication Ratio

Table 6.8: Attributes of a surgical patient

Attribute Type Description
Age Numeric 62

Gender Categorical Male

BMI Numeric 42

ASA fitness grade Numeric 2

Marital Status Categorical Married
Ethnicity Categorical Indian
Comorbidity Numeric 3

Type of Surgery Categorical Minor
Surgery Duration Numeric Length of surgical procedure
Procedural code Categorical 0KQV0zz
Diagnose code Categorical S82.91XA
Surgery Domain Categorical Orthopaedic
Grade of Surgery Categorical Mild
Urgency of surgery  Categorical Elective
LOS Numeric 3.4 days

4
35 ]\
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(a) Performance comparison based on complication ratio
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Figure 6.3: Comparison of performance between proposed and existing MOOASs
for surgical team selection based on; a) complication ratio, b) surgical

feedback rating
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Figure 6.4: Optimal Pareto list of selected surgical team
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Chapter 7

CONCLUSION AND FUTURE
DIRECTIONS

7.1 Conclusion

In this thesis, the focus is on development of a framework for scheduling and
optimization of healthcare resources. To accomplish this goal, we have proposed a
framework containing three models for prioritizing patients from the waiting list,
clustering surgical patients, and selecting optimal surgical teams using soft computing
approaches. The first proposed model is a decision-making model PSWL-CCI, which
aims to prioritize patients from the surgical waiting list. This model is comprised of
four phases. In the first phase, factors (criteria and associated sub-criterion) related to
patients are selected, and a hierarchical structure is formed. In the second phase, the
decision-makers (experts) are asked to compare all factors and provide a rating for
every comparison. Then, based on the unanimous decision (rating) of all experts, PCMs
are generated. The third phase computes each PCM's consistency and validates it
against the cosine consistency index (CCI) threshold value. The fourth phase is
concerned with two individual activities: (i) each PCM that satisfies the CCI threshold
in the third phase is used to compute priority of patients. The cosine maximization
method (CM) with AHP is used to compute the resulting priority of patients. (ii) for
PCMs, which fails to satisfy the CCI threshold, a hybrid algorithm HMWCA (Hybrid
modified water cycle algorithm) is proposed to modify them to obtain PCMs with
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optimized CCI value. The proposed algorithm utilizes the features of a population-
based meta-heuristic water cycle algorithm with evaporation-rate (ER-WCA), genetic
algorithm, and 2-opt heuristic algorithm. In the proposed algorithm, the concepts of salt
concentration and infiltration are introduced to the evaporation rate of ER-WCA, which
extends ER-WCA to modified WCA. The proposed algorithm is tested on different
inconsistent PCMs. Its performance is compared to existing algorithms on three criteria:
improvement in CCI, optimal CCI score, and paired sample t-test. Experimental
analysis reveal that the proposed algorithm outperforms the existing algorithms and
generates statistically significant results. Finally, the proposed model is validated
through a case study of the orthopedic surgery department at multispecialty Shri
Mahant Indiresh Hospital in India. Data related to patients and hospital resources is
acquired from doctors and other medical staff of the hospital. The performance of the
proposed model is compared with existing four prioritization methods: EV, WLS, AN,
and LLS using two parameters: Euclidean distance (ED) and minimum violation (MV).
From the results it is observed that the proposed PSWL-CCI model achieves minimum
ED=4.6 and MV=1, thus outperforms existing prioritization methods in terms of

generating highly consistent and significantly better priorities.

Next, we have proposed an efficient clustering algorithm to enhance the hospital’s
existing surgical record management procedure (SRMP) to arrange surgical patients
into optimal sub-groups. The proposed clustering algorithm is based on a population-
based meta-heuristic, artificial electric field algorithm (AEFA), and is designed to deal
with mixed dataset. The proposed algorithm requires no prior specification of the
number of clusters. Instead, it identifies the number of clusters and cluster centers

automatically. The proposed algorithm utilizes threshold setting and cut-off value for
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selecting and refining cluster centers. In the proposed algorithm, similarity between
data points and different clusters is measured using a distance measure, i.e., Euclidean
distance for numeric attributes and the probability of co-occurrence for categorical
attributes. Firstly, the proposed algorithm is tested on five real-life datasets and
compared with existing mixed data clustering algorithms based on two robustness
measures: average accuracy and standard deviation. Results show that the proposed
algorithm obtains higher average accuracy and lower standard deviation and
outperforms in comparison to existing clustering algorithms. Then, the proposed
algorithm is applied to a real postoperative surgical dataset obtained from a
multispecialty hospital in India. Finally, the performance of the proposed clustering
algorithm is validated using an unpaired t-test. Experimental results show that the
proposed algorithm efficiently identifies the number of clusters and arranges surgical
patients into 6 optimal sub-groups with an average accuracy of 0.87 and standard
deviation of 0.12. It is also shown that the clustering results are robust and statistically

significant.

Finally, we have addressed a vital challenge of multispecialty hospitals, where many
surgical patients are treated, and it is crucial to arrange a suitable surgical team for them
to obtain satisfactory surgical outcomes. We have proposed a decision-making model
to select an optimal list of surgical teams for a referred surgical patient so that each
patient can receive quality surgical care. The proposed model addresses two major
issues of any multispecialty hospital: enhancement of existing surgical history
management system and selection of an optimal surgical team. The proposed model is
composed of two modules: the surgical history management (SHM) module and the

surgical team selection (STS) module. SHM focuses on arranging the existing surgical
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patients into optimal patient sub-groups. It assists the STS module in selecting the
optimal list of surgical teams. To identify the optimal sub-groups for the patients, the
above proposed clustering algorithm is modified and used in the SHM module. For
selection of an optimal list of the surgical teams, a population-based meta-heuristic
algorithm AEFA for multi-objective optimization (MOOA) is proposed in the STS
module. The complication ratio and surgical feedback rating are used in the proposed
MOOA to evaluate performance of the surgical team. The performance of the proposed
clustering algorithm is compared with existing non-mixed dataset clustering algorithms
using four real-life datasets on the basis of three cluster quality measures: Sl index, DI
index, and DB index. Then, the performance of the proposed algorithm is compared
with existing mixed dataset clustering algorithm using five real-life datasets on two
performance measures: average accuracy and standard deviation. The results show that
the proposed clustering algorithm performs better in comparison to existing clustering
algorithms. Subsequently, the proposed clustering algorithm is also validated through
a case study of the orthopaedic surgery department as discussed earlier. Results
demonstrate that the proposed clustering algorithm identifies 6 optimal clusters of
patients with the highest average accuracy of 0.97 and lowest standard deviation of
0.13. Similarly, the performance of the proposed MOOA is compared with the existing
MOOAs using three benchmark functions: SCH, FON, and ZDT1. Results show that
the proposed MOOA produces better results in comparison to the existing MOOA:s.
Finally, the proposed MOOA is applied to the surgical team dataset, and its
performance is compared with existing MOOAs based on complication ratio and
surgical feedback rating. The results show that the proposed MOOA achieves better
and optimal surgical teams in comparison to the existing MOOA in terms of lower

complication ratio and higher surgical feed rating results. The overall results
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demonstrate that the proposed model shows its efficacy not only in clustering surgical

patients into optimal subgroup but also in selecting the optimal list of surgical teams.

7.2 Future Directions

The research work described in the thesis has a number of promising directions for
future research. In the future, the inconsistent pair-wise comparison matrix (PCM),
which is improved using HMWCA, can be further improved for more optimal
outcomes. The proposed algorithm can be extended to handle incomplete, inconsistent
PCMs also. The scope of proposed patient prioritization model is limited to prioritize
elective surgical waiting list. The proposed model can be extended to help hospitals to

decide during emergency or critical care services.

The proposed clustering algorithm can be ensemble with other meta-heuristic
approaches for solving complex high dimensional clustering problems. Further, this

algorithm can be modified to improve the optimal selection of clusters.

In the proposed optimal surgical team selection model, the proposed surgical team
selection module can be enhanced for more performance measures. Subsequently, the
proposed multi-objective optimization algorithm, can be integrated with other meta-

heuristic approaches to improve performance and achieve better optimization.
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