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Abstract

Heart disease is any disease that affects the normal condition and functionality of heart.
Coronary Artery Disease (CAD} is the most common. It is caused by the accumulation of
plaques within the walls of the coronary arteries that supply blood to the heart muscles. It
may lead to continued temporary oxygen deprivation that will result in the damage of
heart muscles. CAD caused more than 7,000,000 deaths every year in the worldwide. It is
the second cause of death in Malaysia and the major cause of death in the world. To
diagnose CAD, cardiologists usually perform many diagnostic steps. Unfortunately, the
results of the diagnostic tests are difficult to interpret which do not always provide
definite answer, but may lead to different opinion. To help cardiologists providing correct
diagnosis of CAD in less expensive and non-invasive manner, many researchers had

developed decision support system to diagnose CAD.

A fuzzy decision support system for the diagnosis of coronary artery disease based on
rough set theory is proposed in this thesis. The objective is to develop an evidence based
fuzzy decision support system for the diagnosis of coronary artery disease. This proposed
system is based on evidences or raw medical data sets, which are taken from University
California Irvine (UCI) database. The proposed system is designed to be able to handle
the uncertainty, incompleteness and heterogeneity of data sets. Artificial Neural Network
with Rough Set Theory attribute reduction (ANNRST) is proposed 1s the imputation
method to solve the incompleteness of data sets. Evaluations of AN}IRST based on
classifiers performance and rule filtering are proposed by comparing ANNRST and other
methods using classifiers and during rule filtering process. RST rule indfuction is applied
to ANNRST imputed data sets. Numerical values are discretized using Bioolean reasoning
method. Rule selection based on quality and importance is propbsed. RST rule
importance measure is used to select the most important high quality rules. The selected
rules are used to build fuzzy decision support systems. Fuzziﬁciation based on
discretization cuts and fuzzy rule weighing based on rule quality are proéposed. Mamdani
inference method is used to provide the decision with centroid defuzzfiﬁcation to give

numerical results, which represent the possibility of blocking in coronary;arteries.

The results show that proposed ANNRST has similar performance to ANN and
outperforms k-Nearest Neighbour (k-NN) and Concept Most Commoi‘l attribute value
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Filling (CMCF). ANNRST is simpler than ANN because it has fewer input attributes and
more suitable to be applied for missing data imputation problem. ANNRST also provides
strong relationship between original and imputed data sets. It is shown that ANNRST
provide better RST rule based classifier than CMCF and k-NN during rule filtering
process. Proposed RST based rule selection also performs better than other filtering
methods. Developed Fuzzy Decision Support System (FDSS) provides better
performance compared to multi layer perceptron ANN, k-NN, rule induction method
called C4.5 and Repeated Incremental Pruning to Produce Error Reduction (RIPPER)
applied on UCI CAD data sets and Ipoh Specialist Hospital’s patients. FDSS has
transparent knowledge representation, heterogeneous and incomplete input data handling
capability. FDSS is able to give the approximate percentage of blocking of coronary
artery based on 13 standard attributes based on historical, simple blood test and ECG
data, etc, where coronary angiography or cardiologist can not give the percentage. The
results of FDSS were evaluated by three local cardiologists and considered to be efficient
and useful.
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Abstrak

Penyakit Jantung ialah mana-mana jenis penyakit yang mengganggu kelancaran fungsi
jantung dan menyebabkan jantung berada pada keadaan tidak normal. Coronary Artery
Disease (CAD) adalah contoh penyakit yang paling banyak dihidapi oleh orang ramai.
Penyakit tersebut adalah disebabkan oleh terkumpulnya plak pada dinding arteri koronari
yang berfungsi menyalurkan darah ke otot jantung. Hal ini boleh membawa kepada
kekurangan oksigen untuk sementara waktu tetapi boleh menyebabkan kerosakan otot
jantung. CAD telah menyebabkan kematian sebanyak 7,000,000 orang setiap tahun di
seluruh dunia. Ta merupakan punca kematian kedua terbesar di Malaysia dan punca
kematian terbesar di seluruh dunia. Untuk mengkaji tentang CAD, ahli kardiologi
kebiasaannya menjalankan beberapa langkah ujian. Walau bagaimanapun, keputusan
ujian diagnosis yang diperoleh adalah sukar untuk difahami dan tidak dapat memberikan
keputusan ujian yang tepat yang boleh menyebabkan kepada tersalah tafsir. Oleh yang
demikian, untuk membantu ahli kardiologi mendapatkan keputusan kajian CAD yang
tepat tetapi dalam masa yang sama menggunakan kos yang rendah dan non-invasive,
banyak ahli kaji telah menghasilkan system bantuan untuk membuat keputusan bertujuan

untuk mendiagnosis CAD.

Thesis ini mengusulkan fuzzy decision support system (FDSS) untuk mendiagnosis CAD
berdasarkan rough set theory. Objektifinya adalah untuk membangunkan FDSS berdasar
fakta bagi mendiagnosis CAD. Sistem ini adalah diusulkan berdasarkan bukti-bukti atau
data perubatan yang diambil daripada Universiti Calfornia Irvine (UCI). la diciptakan
agar mampu mengatasi mana-mana keadaan yang tidak menentu, ketidaksempurnaan, dan
ketidakseragaman daripada data. Artificial Neural Network (ANN) dengan Rough Set
Theory (RST) attribute reduction (ANNRST) yang diusulkan adalah kaedah imputasi bagi
menyelesaikan data yang tidak lengkap. Evaluasi untuk ANNRST berdasarkan prestasi
pengelas dan juga penyaringan peraturan diusulkan. JTaitu membandingkan ANNRST dan
kaedah lain dengan menggunakan pengelas dan juga pada saat proses penyaringan
peraturan. Induksi peraturan RST diaplikasikan kepada data yang telah dilengkapi dengan
ANNRST. Nilai selanjar adalah didiskritkan dengan kaedah Boolean reasoning.
Pemilihan peraturan berdasarkan kepada kualiti dan kepentingan diusulkan. Pengukuran
kepentingan peraturan berdasarkan RST digunakan untuk memilih peraturan yang paling

penting dan berkualiti. Peraturan yang terpilih digunakan bagi membina FDSS.
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Fuzzification berdasarkan titik potong pendiskritan dan pemberat peraturan berdasar
kualiti diusulkan. Kaedah inferens Mamdani digunakan untuk menyediakan keputusan
dengan centroid fuzzification untuk memberi keputusan selanjar yang mewakili

kebarangkalian penyekatan dalam arteri koronari.

Hasil-hasil penyelidikan menunjukkan ANNRST serupa kepada ANN dan mengatasi k-
Nearest Neighbour (k-NN) dan Concept Most Common nilai Filling (CMCF). ANNRST
adalah lebih mudah daripada ANN kerana ia mempunyai input lebih sedikit dan lebih
sesuai diaplikasikan untuk masalah data hilang. ANNRST juga menunjukkan hubungan
erat antara data asal dan data terlengkapi. ANNRST menyediakan pengelas RST lebih
baik daripada CMCF dan k-NN semasa proses penapisan peraturan. Pemilihan peraturan
berdasarkan RST juga lebih baik daripada kaedah pemilihan yang lain. FDSS mempunyai
prestasi lebih baik berbanding MLP-ANN, k-NN, C4.5 dan Repeated Incremental
Pruning kepada Produce Error Reduction (RIPPER) yang digunakan di atas Data CAD
UCI dan Ipoh Specialist Hospital. FDSS mempunyai pengetahuan boleh difahami,
pengendalian data input heterogen dan imputasi data tidak lengkap. FDSS boleh
memberikan peratusan penyckatan arteri koronari berdasarkan 13 keadaan standard
berdasarkan data-data perubatan, di mana angiografi jantung atau pakar kardiologi tak
boleh beri peratusan. FDSS dinilai oleh tiga orang pakar kardiologi tempatan dan
dianggap menjadi cekap dan berguna.
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CHAPTER 1: INTRODUCTION

1.1  BACKGROUND

Heart disease can be categorized as disorders of conduction and rhythm, disorders of
myocardium (heart muscle) and disorder of heart’s structure. Coronary Artery Discase
(CAD), sometimes called as Coronary Heart Disease (CHD), cardiomyopathy, ischemic
heart disease and heart failure are the most common heart discases. They belong to
disorders of myocardium category. CAD is caused by the accumulation of plaques within
the walls of the coronary arteries that supply blood to the myocardium. CAD may lead to
continued temporary oxygen deprivation that will result in the damage of myocardium.
This disease is called ischemic heart disease. CAD causes more than 500,000 deaths
every year in USA and more than 7,000,000 deaths every year in the worldwide. It is the

second cause of death in Malaysia and the major cause of death in the world [1-8].

The primary symptom of CAD is chest pain or angina. This symptom of CAD always
occurs during or after physical activity or emotional stress for most of the people. The
presence of angina can be used to diagnose the presence of CAD. However, diagnosing
CAD using only symptoms that occur may be difficult. Cardiologist must consider many
factors in order to give the correct diagnosis of CAD. Usually medical history and
physical examinations are used in the initial stage of diagnosis. Heart sound can be used
to determine whether the blood flows to the heart normally. The advanced tests are
conducted after initial diagnosis which can utilize electrocardiography (ECG),
echocardiogram, stress test, nuclear imaging and coronary angiography. Coronary

angiography is called the “gold standard” diagnosis of disease in the coronary arteries

[1][2]).

The difficulties of CAD diagnosis lead many researchers to develop computer methods
for the diagnosis of heart disease. At the earlier time, the use of computer is to build
knowledge based decision support system which uses knowledge from medical experts
and transfers this knowledge into computer algorithms manually. This process can be

time consuming and strongly depends on medical expert’s opinion which may be



subjective. To handle this problem, Decision Support System (DSS) based on intelligent
machine learning techniques and knowledge discovery from data have been proposed to

gain knowledge automatically from examples or raw data.

Several research papers on DSS for diagnosis of coronary ariery disease have been
proposed by many researchers. A Multilayer perceptron based medical decision support
system has been developed to diagnose five types of heart diseases including coronary
heart disease [9]. Bayesian network model of heart disease is proposed [10]. The system
could predict the probabilities of heart diseases and dependency among attributes related
to heart diseases. A set of machine learning methods was evaluated on the atherosclerotic
coronary heart disease [11]. Prognosis of cardiac events (cardiac death or non-fatal
myocardial infarction) was proposed in [12]. Diagnosis of ischemic heart disease using
various machine learning techniques was found in [13]. Extension of multi layer
perceptron for coronary heart disease diagnosis by making it interpretable was shown in
[14]. A combination of data mining technique and fuzzy modelling was used to diagnose

CAD [15-17]. Most of these research works uses large number of patients.

Rough set theory is a mathematical method to deal with imprecise, vague and uncertain
data sets [18]. This theory was originally proposed by Pawlak [19][20]. A sct is rough if
its elementary set can not be clearly and precisely defined using the available knowledge.
Medical data is usually uncertain, imprecise and vague. Thus, RST with other artificial
intelligent techniques can be used to build decision support systems in medical diagnosis
[17][21]. The application of rough set theory in practical problem is still need more

development and improvement.

The quality of machine learning and knowledge discovery strongly depends on the data.
Obtaining large amount of medical high quality data may not always be an casy task or
even possible. For example, not all the laboratory tests are available in most hospitals.
Incompleteness of data sets is the common issue in medical data set collection. Many
research works in missing value prediction have been conducted in general data sets and
specific area data sets. Grzysmala-Busse and Hu compare and present nine different
approaches to missing attribute values [22]. Al Shalabi, Najjar and Al Kayed present a
framework to deal with missing data [23]. Li and Cercone propose RSFit, a combination

of rough set and distance method, to assign the missing data {24]. Wasito and Mirkin



present nearest neighbour approach in the least square data imputation algorithms
[25][26]. Ragel and Cremilleux build missing values completion based on association
rules [27]. Troyanskaya, et al, compare missing data imputations methods for DNA
microarrays [28]. Missing value estimation in DNA microarrays is found in [29]. Missing
value estimation methods in other specific area are also discussed in [30-32]. In the above
works, more comprehensive evaluation method of missing data imputation is not
discussed. The evaluation should not be only based on accuracy and simulated missing
values. The performance of classifiers that will use the imputation should be taken into

account.

The knowledge discovery process extracts the knowledge in various forms such as
decision tree, association rules, decision rules, sequential pattern, etc. The most
comprehensive and interpretable extracted knowledge is in the form of rules. Some rule
induction algorithm such as rough set theory results in large number of rules. This large
number of rules makes interpretability of the knowledge low. Lacking of interpretability
will cut down the advantages of rule based systems which should be interpretable and
easy to understand. The resulting large number of rules is caused by noise, redundancy of
input or training data sets and others. Large number of redundant rules can not provide
efficient result. Rule pruning is the method to reduce the number of rules while
maintaining the quality of the system. Agotnes investigates genetic algorithm and the use
of quality measure for individual rule to filter the large number of rules [33]. Maddouri
and Gammoudi conduct comparative study on semantic properties of rule interestingness
measure [34]. Li and Cercone propose another measure of rules which is called rule
importance measure [35]. This rule importance measure is applied on association rules.
The combination of these rule measures is not yet implemented for rule selection

problems. Existing works are using only individual measure for rule selection problems.

1.2 OBJECTIVES

The main objective of this research is to develop an evidence based fuzzy decision
support system for the diagnosis of coronary artery disease. The system must be able to

handle uncertain medical data, incomplete and different types of data which are



heterogeneous. In order to reach the main goal, the following objectives should be

achieved.

ii.

iii.

1.3

To develop the appropriate imputation method to predict the missing data in
coronary artery disease data sets. The result of imputation should be not only
accurate but must have strong relationship with original complete data. Artificial
neural network can learn the relationship among attributes and predict the missing
values based on this relationship. In order to simplify the artificial neural network
without reducing its performance, rough set theory is embedded to reduce the

number of input attributes.

To discover and mine the knowledge from coronary artery disease in the form of
classification rules and to develop rule selection method for filtering the generated
large number of rules from coronary artery disease data sets. The quality and
importance of rules is used as filtering criteria. A reduct of rough set theory of full
data sets represents the important feature of data set which can be used to find the

most important rule set by considering rules as attributes.

To develop fuzzification method of crisp rules and to improve the fuzzy inference
process for estimating the approximate percentage of blocking of coronary artery
that indicates the presence of coronary artery disease. The fuzzification of
numerical input attributes is proposed based on discretization results of those
numerical attribute values. The improvement of fuzzy inference system is

proposed by considering the weight of rules derived from rule supports.

THESIS CONTRIBUTIONS

The major contributions of this thesis are:

This thesis proposes a missing data imputation based on Artificial Neural Network
{ANN) with Rough Set Theory (RST) attribute reduction, namely ANNRST,
which provides similar performance to artificial neural network imputation but

with simpler topology architecture with smaller number of input attributes.



.

1ii.

v,

This research introduces a new evaluation method for real missing attribute values
imputation. The evaluation is based on classifiers which classify complete training
data set using imputed data set to find the relationship between imputed data set
and complete data set. The high performance of classifiers indicates the high
relationship between complete training data set and imputed data set. Almost of
existing imputations are evaluated using simulation of missing values and

accuracy of imputation.

This work contributes another new evaluation method of imputation evaluations
based on rule filtering. Rule filtering will affect the quality of rule based
classifiers, the quality of imputation can be observed based on rule filtering. The
imputation method can be considered better when the filtered rules are still has

high performance during filtering process.

The rule selection based on combined rule quality and importance proposes a new
idea in the field of rule selection. The rule quality filtering based on support is
fast and simple to filter very large number of rules. The rule importance filtering
based on rough set theory is applied on the medium number of rules to select the
most important rules from the filtered high quality tules. To maintain the
generalization of rules, a decision table of rules is build based on testing data set
instead on training data set. This is one of the differences from previous rough set

based rule filtering.

The thesis contributes new ideas in fuzzy system development for the diagnosis of
coronary artery disease. The membership function creation is based on Boolean
reasoning discretization of numerical attributes, which is considered indirect
learning from training decision table. The rule weighing based on rule support is
proposed to assign the strength of fuzzy rules during inference process. The
defuzzification of output provides numerical values that can be considered as
percentage of blocking possibility of coronary artery. Comparable performance to
cardiologists and other computer based methods is obtained even without

adjusting and optimizing the membership functions.



1.4  THESIS ORGANIZATION
This thesis is organized in five chapters as follows:

Chapter 1 introduces the background and problems raised in development of decision
support system for coronary artery disease diagnosis. It describes the important problems
in coronary artery disecase diagnosis and general issues in development of decision
support system. It also explains the objective of the research and thesis major

contributions.

Chapter 2 provides a literature review of problems in coronary artery disease diagnosis
and recent research works in development of decision support system. The chapter starts
from coronary artery disease and diagnosis. Relevant research works in computer
methods applied on diagnosis of coronary artery disease are reviewed in this chapter.
Review of problems and recent works in development of decision support system using
artificial intelligence are also included in this chapter. At the end of this chapter, the
research goal of this thesis is revisited to justify the position of the research among other

relevant works.

Chapter 3 gives the detailed methodology to build the fuzzy decision support system and
the experimental design. It consists of coronary artery disease data sets taken from
University of California, Irvine, and Ipoh Specialist Hospital, Malaysia. This chapter
describes the detailed methods and design of the missing data imputation and evaluations,
the rule generation method based on rough set theory, the rule selection based on rule
quality measure and importance, the fuzzy modeling and inference and the evaluation
method of the developed fuzzy decision support system for coronary artery disease

diagnosis. This chapter provides the major contributions of this thesis.

Chapter 4 is the results of experimental study of the missing data imputation and
evaluation, the rule selection performance, the fuzzy decision support system and
evaluation. This chapter provides benchmarking of the proposed methods with other
existing methods using data from University of California, Irvine and Ipoh Specialist

Hospital, Malaysia. The discussion of each experimental works is also provided.



Chapter 5 presents the concluding remark and suggested recommendations for future

research work to improve or extend the outcome of current research.



CHAPTER 2: LITERATURE REVIEW OF CAD AND DSS

2.1  INTRODUCTION

Heart is the most amazing organ inside the human body. Like any other device, heart also
can go wrong. The abnormal heart function can be less efficient in functionality or break

down, These abntormal conditions of the heart are considered as heart diseases.

Heart disease is a term that covers any disease that affects the normal condition and
functionality of heart. Heart disease is a type of Cardiovascular Disease (CVD).
Generally, diseases of the heart can be divided into three main categories as explained by
Randall and Romaine [6]. These categories are disorders of conduction and rhythm,

disorders of myocardium (heart muscle) and disorder of heart’s structure.

Disorders of conduction and rhythm category, associates the heart’s electrical system.
Arrhythmia (literally, “no rhythm”) is included in this category. This disease is caused by
the heart rate that is too slow, too fast or irregular. This arrhythmia can affect one atrium,
both of atria, one ventricle, both of ventricles or the entire heart. Sometimes arrhythmia is
caused by hypertension (high blood pressure). Another disease of this category is heart
block. Heart block is conductive disorder of heart’s electrical system. In this case,
electrical impulses do not travel through the heart’s electrical system correctly. Coronary
Artery Disease (CAD), cardiomyopathy, ischemic heart disease and heart failure are the
most common heart diseases of disorders of myocardium category. CAD is caused by the
accumulation of plaques within the walls of the coronary arteries that supply blood to the
myocardium. CAD may lead to continued temporary oxygen deprivation that will result
in the damage of myocardium. This disease is called ischemic heart discase. Heart failure
is the inability of the heart to pump enough blood to meet the body’s need. This can be
caused by a loss of myocardium strength or other causes such as long standing
hypertension, narrowed exit valves of the heart, leaky heart valves, viral infections,
alcohol and heart attack which lead to inefficiency of myocardium. Cardiomyopathy
occurs when the heart’s ability and capacity to pump blood is decreased. This decreased
ability of the hearts is often accompanied by enlargement of the heart (hypertrophy).

Cardiomyopathy may lead to heart failure. Congenital and valvular heart diseases belong



to disorder of structure category of heart disease. Congenital heart disease presents at
birth but not necessarily hereditary, which is acquired during foetal development.

Valvular heart disease happens when heart’s valves are failed to function properly [1][6].

Among heart diseases, coronary artery disease is the first killer and the most common
heart disease in developed countries as well as in developing countries [1][2][5-7].
However, the diagnosis of coronary artery disease is difficult, especially when there is no
symptom occurs. Much information from patients is needed in order to draw the correct
diagnosis. It will be beneficial to use an advanced computer method such as artificial
intelligence to build decision support system for the diagnosis of coronary artery disease.

Therefore, diagnosis of coronary artery disease is chosen as the problem for this research.

2.2 CORONARY ARTERY DISEASE

One of the abnormal functions of the hearts is arteriosclerotic heart disease.
Arteriosclerosis (hardening of the artery) may be caused by atherosclerosis (athero refers
to the fatty substance) resulting from the buildup of fatty substances named as plaque on
the wall of the arteries inside. This plaque can cause reduction or blocking in blood flow.
Heart attack occurs when the blood flow is blocked by blood clot. The fat deposits within
the wall of arteries are called atheroma. Atherosclerosis that forms plaque and the
blocking of blood flow which causes heart attack can be illustrated in Figure 2.1 and
Figure 2.2, respectively.

Atherosclerosis can be particularly dangerous when the location of plaque is in a coronary
artery which supplies blood to the heart muscles. This condition is called Coronary Artery
Disease (CAD). The coronary artery must be narrowed by 50 percent of its normal
diameter before the reduction of blood flow to the heart can be considered serious and
gives symptoms. This is because at that point, the supply of oxygen is not sufficient for
myocardium to operate at resting condition. CAD caused almost 500,000 deaths every

years in USA and it is the major cause of death in the world [1-7].



Figure 2.1 Atherosclerosis : (a) A normal artery with normal blood flow (b) An artery with plaque
buildup [36].
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Figure 2.2 Heart with muscle damage and blocked artery: (a) An overview of a heart and coronary
artery showing damage (dead heart muscle) caused by a heart attack (b) a cross-section of the

coronary artery with plaque buildup and a bleed clot [37].
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The exact causes of build up of atheroma are not known. The long term studies have
made the people to identify what are called risk factors that increase the possibility of
atherosclerosis development. Some of these risk factors are controllable such as smoking,
high blood pressure, cholesterol level, etc, while others are uncontrollable such as age,
gender, family history and other similar factors [1][3][4]. During the development of
atheroma, there will be signs and symptoms of CAD. When the blockage of coronary
artery is very low, there is no sign and symptom occurs because heart muscles still have
enough supply of oxygen, although there is small oxygen deprivation,. The increasing of
blockage inside the coronary artery will give signs and symptoms like shortness of breath
and swelling in feet and ankles. When the blockage is more than 50%, it will give chest
pain (angina) as symptom because coronary artery can not supply enough blood to meet
the oxygen demands. Finally, when coronary artery is totally blocked, heart attack will
occur. These signs and symptoms can be illustrated in Figure 2.3. They start from silent

ischemia, which is considered as no symptom, to heart attack, which is the worst.

SILENT ISCHEMIA
Blood to heart is
restricted due to CAD, but
they don't feel any effects

HEART ATTACK

SHORTNESS
of breath and swelling in
their feet and ankles

Figure 2.3 CAD signs and symptoms

The primary symptom of CAD is chest pain or angina. For most people, this symptom of
CAD always occurs during or after physical activity or emotional stress. For some people
this symptom does not occur. The presence of angina can be used to diagnose the

presence of CAD. However, diagnosing CAD using only symptoms that occur may be
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difficult. It is important for the physicians to consider many factors in order to give the
correct diagnosis of CAD. The initial diagnosis is usually by using medical history and
physical examinations. The medical history provides information about symptoms, risk
factors and data such as heart and lung problem, diabetic condition, chest pain, blood
pressure and cholesterol. The physical exam is conducted by listening to the sound of the
heart to determine the blood flow to the heart normally. After taking the initial diagnosis,
the advanced test can be conducted. The advanced tests are electrocardiography (ECG),
echocardiogram, stress test, nuclear imaging and coronary angiography. Coronary

angiography provides the “gold standard” diagnosis of disease in the coronary arteries

[1](2].

All the tests are difficult to interpret. The first problem is that the test does not always
provide definite answer, but may lead to different opinion. The second problem is that
every test occasionally provides incorrect information. Certain results expected to be
present in some diseases may be not found (false negative), and inversely the test may
provide the results that are not expected to be present (false positive). Physician may be
confused because of the inconsistent results of the examinations and tests. The diagnosis
of CAD usually needs many tests. Sometimes diagnosis needs more than what is
necessary to obtain the good result. Unfortunately the cost-benefit relationship may
restrict the physician and patient to do more tests where cardiological procedures are
among the most expensive in medicine. The advanced tests such as nuclear imaging and
coronary angiography are much more expensive than electrocardiogram or chest-X-ray
[3]. In general the diagnosis of heart disease moves on in a step by step manner from the
simplest, least invasive, least expensive and least risky method. As more information
about a patient’s condition can be obtained, proper decision can be made regarding the

use of more advanced and more invasive diagnostic processes [1].

2.2.1 Conventional methods for the diagnosis of coronary artery disease

To diagnose coronary artery disease is not easy task. Usually several diagnosis steps
should be performed. Many people are unaware that they have heart disease until heart
attack or stroke occurs because there is no symptom occurs previously. Some people have

symptoms such as angina, shortness of breath, etc. Usually cardiologist will diagnose
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coronary artery disease based on medical and family histories, risk factors and the results

of a physical exam and diagnostic tests and procedures.

The medical and family histories provide information about person’s risk of coronary
artery disease. Family histories include all significant medical concerns for which the
person has experienced symptoms or sought treatment of heart disease, kidney problems,
cancer, blood disorders, diabetes, neurogical disorders, etc. Family histories also include
any medical operations, medications, and symptoms such as angina, dizziness or
shortness of breath, family history of heart attack or stroke in close blood relatives. To
examine risk factors, cardiologist will ask the patient to identify relevant risk factors. Risk
factors that cannot be changed are age, gender and heredity. Risk factors that can be
changed are high blood pressure, elevated serum cholesterol, lipoprotein, cigarette
smoking, obesity, glucose intolerance, diabetes, fibrinogen, left ventricular hypertrophy,
cocaine and behavioral factors. There are opposite of risk factors called protective factors

such as HDL cholesterol, exercise, estrogen [1][6].

After all the personal and family histories and risk factors are identified, cardiologist will
decide whether physical exam and diagnostic tests and procedures should be performed or
not. No single test can diagnose CAD. If the cardiologist thinks patient has CAD, he or

she will probably do one or more of the following tests [1].

Electrocardiogram (ECG/EKG) is one of the simplest and most routine tests used by
cardiologists. Using ECG, cardiologists measure and record the electrical activity of the
heart which is plotted in the form of a series of wave representing each heartbeat. It
provides initial evaluation of patient suspected heart disease. It can also detect the
presence of heart attack old or current. ECG is noninvasive, safe, easy and relatively low
cost but it has disadvantages such as often non specific, not sufficiently precise for

detailed diagnosis. ECG is usually available in all health care facilities.

Stress test is performed by walking on treadmill or pedaling cxercise bicycle at
increasingly higher levels of exertion while heart rate and rhythm, blood pressure and
sometimes oxygen consumption are monitored. This test can evaluate chest pain,
establish severity of coronary disease, screen people at high risk of coronary disease,

check effectiveness of antianginal drugs, screen other adults (especially males) before
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they begin strenuous exercise or activity programs. Very high safety rate, identification
ability of cardiac problems that do not show up at rest or with moderate activity, reliable
results, noninvasive, simulates stress to heart in everyday activity, easy to repeat, less
cxpensive than thallium stress test are the advantages of stress test. This test cannot be
used on patients with abnormal resting ECG. It has also relatively high false positive rate
and high false negative rate and can only be used with individuals that are able to perform
strenuous exercise on a treadmill or exercise by bicycle. It is available at hospitals, many

cardiologists’ offices and exercise training facilities.

Thallium stress test is performed after standard exercise siress test. Patient is injected
with thallium radioisotope then laid on a table while a gamma-detection camera is used to
track uptake of the thallium in heart muscle. It can diagnose coronary artery disease,
determine extent of diagnosed coronary artery disease, assess effectiveness of angioplasty
and evaluate patient with abnormal ECG. Thallium stress test is able to measure the
percentage of heart muscle not receiving sufficient oxygen and identify problems with
heart’s blood supply during exercise for patients who have no ECG changes or symptoms.
It has also low false positive and false negative rate and can identify more cases of
undetected heart disease using standard stress test. Beside these advantages, thallium
stress test also has disadvantages. It is time consuming, expensive and needs injection of

the thallium radioisotope.

Other noninvasive test is echocardiography which is obtained by reflecting high
frequency sound waves off various structures of the heart, then transforming the reflected
waves into two dimensional images. This test provides information about the size and
shape of heart and how well heart chambers and valves are working. A diagnosis of
coronary artery disease usually can be made without the use of this test. Other tests are
based on imaging technique such as Computed Tomography (CT) and Magnetic
Resonance Imaging (MRI) but they are rarely used for diagnosis of coronary artery

disease.

If the cardiologist suspects the patients to have coronary artery disease based on
aforementioned diagnostic information, he or she will perform invasive test called
coronary angiography. This test is considered as “gold standard” compared to other

methods of diagnosing coronary artery disease are compared. To perform this diagnosis, a
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small tube (catheter) is brought forward into and around the heart through an artery or
vein in the groin, arm or neck in order to measure pressures within the heart and produce
angiogram or the coronary arteries. It provides precise anatomic information and it is

reliable but invasive. It still has small risk of artery blockage, embolism or heart attack.
2.2.2  Computer methods for the diagnosis of coronary artery disease

Develc;pment of computer methods for the diagnosis of heart disease attracts many
researchers. At the earlier time, the use of computer is to build knowledge based decision
support system, which uses and transfers knowledge from medical experts into computer
algorithms manually. This process is time consuming and really depends on medical
expert’s opinion which may be subjective. To handle this problem, machine learning
techniques have been developed to gain knowledge automatically from examples or raw
data. Machine learning can be defined as a study of computer algorithms that improve

automatically through analysis of data [38].

Statistical and probabilistic methods have been used for machine learning purpose. One
of the examples of statistical method is Bayesian model. Artificial Intelligence (AI)
methods attracted many researchers as machine learning method to develop medical
decision support system. Another emerging method namely soft computing which has
overlap definition with Al also gains much attention of many researchers. In this section,
research works on the application of machine learning to the diagnosis of CAD are

reviewed.

Detrano, et al, built a new discriminant function model for estimating probabilities of
angiographic coronary disease [39]. Their model is derived from 303 patients undergoing
angiography at Cleveland Clinic in Cleveland, US, and applied to 425 patients
undergoing angiography at the Hungarian Institute of Cardiology in Budapest, Hungary,
200 patients undergoing angiography at the Veterans Administration Medical Center in
Long Beach, US and 143 patients from the University Hospital in Zurich and Basel,
Switzerland. 74 to 82 percent of accuracy is obtained. This discrimination function

operates based on logistic regression which is not easily interpretable.
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Modeling of heart disease using Bayesian network (also called belief network) is
proposed by Jayanta and Marco [10][40]. The limitation of this model is that the model
should be treated as prototype. The model does not consider any interactions, which may
be synergistic or antagonistic between variables, as well as any unknown variables that
might influence the presence of CAD. The data consists of 167 objects, in which more
data should be obtained and used. In spite of its advantages, the Bayesian approach has
also several drawbacks. The difficulty to find accurate conditional probabilities is one of
its drawbacks. With the condition of unavailability of enough data, the missing
probabilities sometimes must be predicted by experts subjectively. Another drawback is
that the approach can be computationally expensive, particularly when the variables being

examined are unconditionally independent of one another.

Aha, et al, proposed instance based learning algorithms [41]. Their method generates
classification predictions using only specific instances. This approach improved nearest
neighbor algorithm which has large storage requirements. Reduced storage requirement
and better accuracy has been obtained. Their method has 78 and 80.5 percent of accuracy

for Cleveland and Hungarian data sets from University California Trvine [42].

The use of Artificial Neural Network (ANN) to diagnose coronary heart disease has been
proposed by Bologna, et al [14]. Their study is using non invasive medical information to
build decision support system. One of the drawbacks of ANN based classifier is lack of
interpretability. The new approach is by making Multi Layer Perceptron (MLP) type of
interpretable ANN. The interpretability is by extracting some rules from the MLP using
novel algorithm. Their method is called Interpretable Multi Layer Perceptron (IMLP).
The input data consists of 12 continuous and 4 binary variables. The number of extracted
rules from IMLP is 46 to 78 rules. C4.5, a rule induction algorithm developed by Quinlan
[43], is compared to IMLP. Quantitatively, IMLP has better prediction accuracy but has
bigger number of rules than that of C4.5. Normally, ANN based classifiers will have
higher accuracy than that of induction rule based classifiers such as C4.5. One of the
disadvantages of ANN is that ANN can not give interpretable or transparent knowledge
directly. It needs some algorithm to convert the knowledge to become transparent or
interpretable. The extracted rules are based on the architectures and parameters of ANN
which are determined by user. Another disadvantage of ANN is that the result of training

processes of ANN is not the same for every different weight initialization. Qualitatively,



17

C4.5 is simpler than IMLP. The evaluation of IMLP is based on prediction accuracy and

rule number. More comprehensive evaluation should be carried out.

Another work is proposed by Yan, et al, by using MLP to build decision support system
for the diagnosis of five major heart diseases [9]. CAD is one of them. The MLP system
uses 40 input variables that are classified into four groups. The number of neurons in the
hidden layer is determined using cascade learning process. Those five categories of heart
discases are represented by five output neurons. The missing data is imputed using mean
method. Their system is trained and tested using 352 medical data records collected from
the patients suffering from five heart diseases. Cross validation, hold-out and
bootstrapping techniques are used to evaluate generalization of their system. Although
their results give very high diagnosis accuracy, the system acts like black box. The
knowledge is not transparent. The transparency of knowledge is very important for
physician in order to understand the relationship between input and output variables.
Decision support system should be able to tell the reasoning of making decision so that
junior physician can learn the knowledge from it. The way of handling missing data also
has drawback. Imputing the mean would make bias in original data set. The
characteristics of original data can be changed because of inappropriate imputation

method.

Research work on rough set theory (RST) to model prognostic power of cardiac tests has
been proposed by Komorowski and Ohm [12]. The work explores and identifies the need
of a scintigraphic scan of a patient group using rough set approach. The work is not
aimed to diagnosis the presence of CAD but it is aimed to predict cardiac death or
infarction (whether the patient will die or have myocardial infarction) without the need of
scintigraphic scan. Standard RST method is used with dynamic teduct algorithm for
reduct calculation. The rule extraction process is not fully performed by them. Their work
needs further study to obtain the useful and compact rules automatically. There is a
disadvantage using only RST. The extracted rules are in crisp form which can not handle
numerical input without discretization. The number of rules that is proportional to the
number of data is another disadvantage of RST. The number of rules will go to
unreasonable number when the training data is large. A big number of rules are difficult
to understand and interpret. Rule filtering or pruning should be undertaken to overcome

the probiem.
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Hybrid system of rough set and neural network has been proposed by Liping and Lingyun
[44]. Their work uses rough sct theory to reduce the number of input to ANN. Then,
ANN is used as a classifier to diagnose the presence of CAD. Cleveland CAD data set
from UCI data repository [42] is used as training and testing process. The aim of
combining one or more Al techniques is to overcome the disadvantage of individual AL
ANN based decision support system usually has high prediction accuracy but it can not
give interpretable knowledge or it acts like black box. On the other side, rule induction
based decision support systems, such as rough set, have interpretable and explainable
knowledge but their accuracy is lower than that of the ANN. They use ANN as the
classifier. It means the knowledge is not transparent. The drawback of ANN which is a
black box is not covered by rough set. Rough set only covers the input dimensionality
reduction of ANN. Their work also uses mean imputation for numerical missing data and
most common value for categorical missing data. These imputation methods will make

the characteristic of original data altered.

Gamberger, et al, proposed Inductive Learning by Logic Minimization (ILLM) [11]. The
aim of using machine leaming technique is to find the important and useful information
extracted from medical data. In this case, the accuracy of diagnosis is not taken into
account. ILLM is proposed for this purpose. ILLM generates rules based on minimization
with two classes and propositional rules. It starts from a set of literals that is implicitly
defined and generated from the example set. Unlike other rule inductive algorithms,
ILLM does not use statistic or probability concept. Every confirmation rule must be a
simple conjunction of literals to form a set of confirmation rules with the condition that
every rule must be true for examples of the target class only, and every confirmation rule
must be true for at least predefined number of target class examples defined by the
selectable support level. Support level is used to determine the number of induced rules in
the set, so that all confirmation rules that meet this condition are included into the set
[45]. Since the aim is only rule extraction, the quality of prediction is not covered in the
study. In medical decision support system, the quality of diagnosis or prediction is

important as well as usefulness of the generated knowledge.

There is another work on the diagnosis of CAD proposed by Polat, et al [46]. The work
uses Artificial Immune Recognition System (AIRS) combined with fuzzy resource
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allocation mechanism and k-NN (nearest neighbor) based weighting preprocessing. AIRS
is based on resource-limited Artificial Immune Systems. It uses k-NN method to calculate
the value of parameter called affinity. The work improves AIRS by weighting
preprocessing method based on fuzzy resource allocation and k-NN. The system is then
improved by fuzzy weighted preprocessing and able to gain better accuracy [47].
Although these AIRS based diagnosis can give very high prediction accuracy, their
transparency is not as well as rule based classifiers. The work does not cover the method
of missing data haﬁdling. Hence, only Cleveland CAD data set is used despite of other
sources of CAD data sets taken from UCI [42].

Most of the rule based diagnosis uses decision rules. There is a research work proposed
by Ordonez that uses association rules instead of decision rules for heart disease
prediction [48]. The drawback of association rules is the extremely large number of rules
when they are applied on medical data set. Rarely association rules are validated using
independent sample. His work uses training and testing approach to discover association
rule for the prediction of heart disease. Rules evaluation metrics such as support,
confidence and lift are used to find the medical significance of discovered rules. Two
phases rule constraints are proposed in the study to limit the number of rules. The first
phase is applying filtering constraints based on predictive goal and size to frequent
itemsets. The second phase is applying antecedent-consequent constraint on rules. Like
other rule based classifiers, this method still produces crisp rules that will produce crisp
output prediction which can not give the possibility degree of disease. The missing data
1ssue is not covered in his study assuming that all the data are complete. It ig very difficult
to find the large number of complete medical data. The machine learning system will be

robust enough when the large number of data is available.

Most of knowledge discovery and data mining techniques based on rule induction result
in crisp mode rules. Fuzzy logic method is known as a method to deal with uncertainty of
variables. Fuzzy logic can also deal with numerical or continuous value directly. However
the crisp rule extracted from data set by rule induction algorithm can be fuzzified. This
fuzzified version of extracted rules can deal with numerical data directly. This hybrid
method can cover drawback of single method. Fuzzy logic obtains its knowledge from
experts. Expert will provide the knowledge to fuzzy system in order to produce

appropriate decision making. This is one of the drawbacks of original fuzzy system.
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Fuzzy logic alone can not leam directly from raw data. This disadvantage can be covered
by rule induction method that can learn directly from raw data. The drawback of rule
induction which need discretization and always gives crisp rules is covered by fuzzy

logic.

The combination of rough set and fuzzy set has been proposed by Anderson, et al, to
perform prognostic modeling of progression of coronary artery disease [17]. Their system
is to predict progression of atherosclerosis in the Left Anterior Descending (LAD) artery.
Using stepwise logistic regression, four input variables are chosen from 27 variables. The
input attributes are type of myocardial infarction, fasting glucose level, total glucose
level, and maximum percent of stenosis of LAD. The output is the maximum percent
stenosis in the LAD had increased 5% or more. Fuzzy rules are generated using LERS
(Leaming from Examples based on Rough Sets) algorithm [49]. Compared to rough set
classifier, neural network and logistic regression, their system performs better.
Fuzzification of crisp rough set rules, has improved the accuracy. Their system uses
limited number of cases. There is no guarantee that the system will work for every

coronary artery disease problems. Beside, the system does not consider missing attribute

values.
Data set
y
C4.5 decision tree o | Rule generation & w Development of o! Fuzzy model
induction classifier creation fuzzy model optimization

Decision support
sysiem

Figure 2.4 Methodoelegy to create a system for diagnosis of CAD

There is a research work on automated diagnosis on CAD based on rule induction and

fuzzy modeling which is proposed by Tsipouras, et al [15][16]. The rule induction
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method that is used to extract rules indirectly is C4.5 algorithm. First, decision tree
induction method namely C4.5 [43] is used to form decision tree from training data. Then
decision rules generated based on the decision tree. The rules are in a disjunctive normal
form. Based on the rules, fuzzy model is developed by transforming the crisp decision

rules into fuzzy. Their methodology is illustrated in Figure 2.4.

The used data set has nineteen attributes which are age, sex, family history, smoking,
diabetes mellitus, hypertension, hyperlipidemia, creatinine, glucose, total cholesterol,
high density lipoprotein (HDL), triglyceride, body mass index (BMI), waist, heart rate,
systolic and diastolic blood pressure, carotid femoral pulse wave velocity and
augmentation index. The overall accuracy from ten fold cross validation is 73.4 percent.

The fuzzification of crisp rules can increase the accuracy from 61.8 to 65.3 percent.

The system uses C4.5 algorithm which is classified as decision tree algorithm. This
decision tree algorithm has drawbacks. The approach of decision tree method is top-down
and recursive partitioning where the number of records becomes smaller as the tree is
traversed down. The small number of records may be too small to make a statistically
significant decision about the class representation of the nodes. Another drawback of
decision tree method is that a sub tree can be reproduced more than once. This
phenomenon can lead to complexity and redundant trees. Hence, the tree will be difficult

to interpret [50].

The rule generation from raw data using C4.5 is indirect. The C4.5 produces decision tree
and not rules. It mﬁst be converted into rules in order to be used by fuzzy system
classifier. The decision tree produced in the study uses binary split method to deal with
numerical attributes instead of multi-way split or discretization of numerical attributes.
This method will make the rules converted from tree difficult to read. This binary split
can occur several times along a path in a tree and may give different split. The fuzzy rules
have only binary split for numerical attributes. Thus the membership function will only

have two conditions, e.g. low and high.

The system uses high quality data set but the availability of this high quality data set is

not always easy to obtain. The study does not consider missing data handling. In the real
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practice, it is difficult to coltect. Complete medical data are still the issue of the quality of

medical decision support system.

However, the system is very good in artificial intelligent point of view. The system learns
directly from raw medical data using C4.5 decision tree. The extracted knowledge from
the tree is converted to rules. Fuzzy modeling of the rules make the decision support
system can handle the vagueness of medical data. The drawback of fuzzy system which
can not learn directly from raw data is covered by C4.5 algorithm. The drawback of C4.5

which is built in a crisp manner is covered by fuzzy system.

The role of C4.5 can be replaced by Rough Set Theory (RST). RST proposed by Pawlak
can learn from raw data and generate rules based on reducts [19][20]. The theory is based
on indiscernibility relation. The way of RST generates rules is different from underlying
theory of C4.5 which is based on entropy and information gain. Unlike statistical
approach which needs probability from sufficient samples, RST does not need any
preliminary or additional information about data [51]. The resulting rules by RST can be

used to model the fuzzy decision support system.
2.3 ROUGH SET THEORY

Rough set theory (RST) is a mathematical and artificial intelligent technique developed
by Zdzislaw Pawlak, Warsaw University of Technology, in the early 1980 [19].

RST is especially useful to discover relationships in data. The discovering of relationship
in data is called knowledge discovery or data mining. The result of knowledge discovery
is understandable and meaningful knowledge extracted from data. RST method emerged
as mathematical tool to manage uncertainties, ambiguity and vagueness from incomplete,
inexact and noisy information [52]. Rough sets mean approximate sets. Rough set theory
deals with approximation of sets. It uses upper and lower approximations when the
available information insufficiently can not define the exact value of the set. Based on

approximation of sets, RST is suitable to deal with uncertainties of decision making [21].

Rough set theory has been applied to various arcas of knowledge for example expert

system, machine learning, image processing, pattern recognition, knowledge discovery
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and control systems [21]. Because RST has not widely known yet, the basic concept of

RST is explained in this following section.
2.3.1 Basic concept of rough set theory

This section gives an overview of the basic concepts and basic understanding of rough set
theory for the subsequent discussion about application of rough set to build fuzzy
decision support system [51]. The reader should have basic knowledge about classical set

theory in order to understand the underlying concept of rough set theory.

Rough set theory proposes a novel mathematical approach to deal with incomplete
knowledge [19]. The approach of rough set theory to vagueness is expressed by boundary

region of a set.

Suppose U represents a finite set of objects and R c UXU represents a binary relation.
The sets U is called universe and relation R is called indiscernibility relation. R is

assumed to be an equivalence relation. Approximation space is represented as S = (U, R).

Let X be a subset of U which is represented as X ¢ U . X will be characterized with
tespect to R. The equivalence class of R determined by clement x is denoted as [x]z. This
class represents an elementary component of knowledge that can be perceived due to R.
This elementary component is called granule. This indiscernibility relation can not be
used to observe individual objects from U but it can be used to observe the granules of

knowledge described by this relation.

The set of all objects that are certainly classified as members of X with respect to R is
called R-lower approximation of a set X with respect to R, and denoted by RX which is

defined as:

RX = {x|[x], € X}. @.1)
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The set of all objects that are possibly classified as members of X with respect to R is

called R-upper approximation of a set X with respect to R, and denoted by RX which is

defined as:
RX ={x|[x], N X # @} (2.2)

The set of all objects that can not be classified as members of X or non member of X
denoted by U-X or -X with respect to R is called boundary region of a set X with respect
to R, and denoted by BR,(X) which is defined as:

BR,(X)=RX -RX (2.3)

Using the above representation and notion, rough sct definition can be made. A set X is
called crisp with respect to R if and only if the boundary region of X is empty. Otherwise,
a set X is called rough with respect to R if and only if the boundary region of X is non-

empty.

The set of objects

Granules of knowledge

\

A

[~

The boundary region

- /

~ ] S

The lower approximation The upper approximation

The set

Figure 2.5 Graphical illustrations of the set approximations
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The above definition of set approximations can be illustrated into graphical representation

as shown in Figure 2.5 [19].

For X cU and Y c U, the approximations have the following properties [51]:

ii.
iii.

iv.

Vi.
Vil.
viii.

X.

X1.

RXc X cRX

RO=RO=0; RU=RU=U
R(XUY)=RX URY
R(XNY)=RXNRY
R(XUY)2 RXURY
R(XNY)CRX ARY
XQY%EXQ_EY&EXQ_Y
RU-X)=U-RX
RU-X)=U-RX
RRX = RRX = RX

RRX =RRX =RX

Based on the above concepts, four classes of rough sets as four categories of vagueness

can be defined using following conditions [52]:

ii.

iii.

iv.

RX #@ and RX #U , then a set X is roughly R-definable.

RX =@ and RX 2 U , then a set X is internally R-undefinable or externally R-
definable.

RX #@ and RX =U , then a set X is externally R-undefinable or internally R-
definable.

RX =@ and RX =U, then a set X is totally R-undefinable or totally R-

nondefinable.
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The coefficient defined as

oy =21 24)

7]

can be used to characterize numerically a rough set X. This coefficient is called the
accuracy of approximation, where |X | denotes the cardinality of X # .
The value of a,(X)is in the range of 0 to 1. A set X is crisp with respect to R if

o, (X)=1, and otherwise a set X is rough if e, (X) <1.

Rough set can be also defined by using a rough membership function instead of

approximations [53].

The rough membership function measures the degree of relative overlap between the set X

and the equivalence class [x], to which x belongs which is defined as follows:

My U —{0,]) (2.5)
where

2oy X O[]

Hye(x)= |[x]R|

The rough membership function can be used to define the approximations and boundary

region of a set as shown in the following equations:

RX ={x| gi(x)=1} (2.6)
RY = {x| p3(x)>0} 2.7)
BR(X)={x|0< ul(x)<1}. (2.8)

For X U and Y c U, the rough membership function has the following propertics

i us(x)=1iff xe RX

i, uf(x)=0iffreU-RY
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iii.  0<u®(x)<liff xe BR(X)
iv. i (x)=1-pul(x) forany xe U
V. oy (x) = max(ul (x), uf (x)) forany xe U

vi.  uf o, (0) <min(uf (x), 42 (x)) forany xe U

Rough sets can thus approximately depict sets of patients, events, outcomes and others

that may be difficult to confine.

2.3.2 Rough set data analysis

In this section, rough set theory is applied to data analysis based on the concepts of

section 2.3.1.

Data sets arc represented in a tabular form as rows and columns. Each element of a row
may represent an object or an instance which can be an event, a patient, etc. Every
column represents an attribute which can be a variable, an observation, a property, etc.
that can be measured for each object. Such table can be called information system. In a
formal manner, an information system is a pair § = (U, 4) where U is a non-empty finite
set of objects called the universe and A is a non-empty finite set of attributes such that

a:U—V, forevery ac 4. The set V, is called the value set of a.

In practical use of information system, there is an outcome of classification that is given
as decision and expressed by single special attribute. This type of information system is
called decision system. Formally, a decision system sometimes called decision table is
information system with the form § = (U, 4w D) where D = {d} and d ¢ A is decision
attribute or simply decision. The elements of 4 are called conditional attributes or simply

conditions,

Data set usually contains large part of objects with their attributes values. There are two
issues in decision system. The first issue is that the same indiscernible objects may be
represented more than one time. The second issue is that the attributes may be redundant

or superfluous.
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Let §=(U,4)be an information system, and B c 4. A binary relation denoted by
IND(B) is defined as

IND(B) = {(x,x")e UxU |Vae B,a(x) = a(x")} (2.9)

This binary relation is called the B-indiscernibility relation which is an equivalence

relation. If (x,x")e IND(B) then objects x and x’ are indiscernible or undistinguishable

from each other using only attributes from B. The equivalence classes of this relation are

denoted by [x], .

For X c U, a set X can be approximated using only information contained in the set of
attributes B. This is can be done by using approximation methods as shown in (2.1) to

(2.3). Then, there are B-lower approximation and B-upper approximation of X which are
denoted by BX and BX respectively, where BX ={x|[x], c X} and
BX = {x|[x]; n X # &} . Using the same analogy as in general case in (2.1) to (2.3),
the objects which are members of BX can be certainly classified as members of X on the
basis of knowledge in B, while the objects which are members of BX can be possibly

classificd as members of X using only the knowledge in B. The set BR,(X) = BX - BX

which is called B-boundary region of X, consists of those objects which can not be

classified as members of X or non members of X using only the knowledge in B. The set

U — BX which is called B-outside region of X, consists of those objects which can be
certainly classified as non-members of X using only knowledge in B. This set is said to be

rough if the boundary region is non-empty.

For X cU and Y c U, the approximations have the following properties:

1. EXQXQEX

ii. BO=BO=@; BU=BU=U
iii. B(XUY)=BXUBY

iv. B(XNY)=BXNBY
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v. BAXUY)DBXUBY

vi. B(XNY)c BX ABY

vii. XgY—BXcBY&BXcBY
viii. BU-X)=U-BX

ix. BU-X)=U-BX

X. BBX=BBX =BX

xi. BBX =BBX =BX

Based on the above concepts, four classes of rough sets as four categories of vagueness

can be defined using following conditions:

i, BX#@ and BX #U , thena set Xis roughly B-definable.

ii. BX=@ and BX #U, then a set X is internally B-undefinable or externally B-
definable.

iii. BX#@ and BX =U, then a set X is externally B-undefinable or internally B-
definable.

iv. BX=@ and BX=U, then a set X is totally R-undefinable or totally B-
nondefinable.

The coefficient defined as

o, ()= 24 | (2.10)

can be used to characterize numerically a rough set X. This coefficient is called the
accuracy of approximation, where |X | denotes the cardinality of X # & .
The value of @,(X)is in the range of 0 to 1. A set X is crisp with respect to B if

&y (X) =1, and otherwise a set X'is rough if o, (X) <1.
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Rough set can be also defined by using a rough membership function instead of

approximations.

The rough membership function measures the degree of relative overlap between the set X’

and the equivalence class [x] » to which x belongs which is defined as follows:

,ufl U —1{01] : (2.11)
where
5, o | X O]
My (x) |[x]s|

The rough membership function can be used to define the approximations and boundary

region of a set as shown in the following equations:

BX = {x |y (x) =1} (2.12)
BX = {x| 2 (x)> 0} (2.13)
BR,(X)={x|0< ul(x)<1}. (2.14)

For X cU and Y c U, the rough membership function has the following properties

i ur(x)=1iff xe BX
ii. wi(x)=0iffxeU-BX
iii. 0<ul(x)<liff xe BR,(X)
iv. ul (x)=1-p2(x) forany xe U
V. Moy (x) = max(uf (x), 45 (x)) forany xe U

vii gy (x) < min(ui (x), 4 (x)) forany xe U

One of the important problems in data analysis is to find dependency among attributes. A
set of attributes D is said to be dependent on a set of attributes C if all values of attributes
D are uniquely determined using values of attributes C. D depends on C denoted by

C=D.
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The dependency D on C, denoted by ¥.(D), is a plausible measure of the dependency
degree D on C and defined as follows:

_ |POS.. (D)

Yc(D)= U (2.15)

where POS_.(D)= U CX called a positive region of partition U/D with respect to C, is

XelU/D
the set of all elements of U that can be uniquely classified to blocks of the partition U/D
using knowledge from C. The value of dependency is between 0 and 1.

1. If y.(D)=1: D totally dependent on C, i.e., C functionally determines B.
. If y.(D)=0: Cand D are totally independent of each other.

i If y.(D)<1: D is roughly dependent on C.

In general, the dependency of D on C in a degree of ycan be denoted by C = D,. The

concept of dependency of attributes is used to find the redundant or superfluous attributes.

For information system S=(U,4) and Bc 4, and ac B, it can be said that g is
dispensable in B if IND;(B)=IND,(B—{a}), otherwise a is indispensable. A set B is

said to be independent if all its attributes are indispensable. Any subset B’ of B is called a
reduct of B if B’ is independent and IND;(B') = IND,(B).

Reduct can be defined as the minimal subset of atiributes that have the same classification
of elements as the universe which is the whole set of attributes. In other words, attributes
that is not the element of reduct are redundant with respect to classification of clements of
the universe. There are several important properties of reduct. The core of attributes is

one of the important properties of reduct defined by:

CORE(B) =NRED(B), (2.16)
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where B € A and RED(B) is the set of all reducts of B. The elements of core arc always
in every reducts. Hence, the core is the most important subset of attributes. None of core’s

clements can be removed without affecting the classification ability of attributes.

There is a dependency C = D given. It could happen that the set D depends not on the
whole attributes of set C but only on the subset of C which is denoted by C°. In this case

finding C” is interesting.

To find C°, suppose C,D c 4. Evidently, if C'c C is D-reduct of C, then € is minimal
subset of C such that y.(D)=y.(D). The attribute ge Cis D-dispensable in C if
POS (D)= POS,_,, (D). Otherwise, the attribute a is D-indispensable in C. If all

attributes a € C are D-indispensable in C, then C is D-independent.

A subset C'c C is a relative reduct, in this case called D-reduct of C if and only if C’ is

D-independent and POS.(D) = POS.(D).

The term D-core of C is the set of all D-indispensable attributes in C. It is denoted by
CORE,(C') which has properties:

CORE,(C)=NRED,(C), (2.17)

where RED,(C) represents D-reduct of C which may be more than one reduct.

Reduct and core are very important concept for feature selection, attribute reduction and

rule generation.
2.3.3 Applications and tools of rough set theory
Pawlak, the founder of rough set theory, wrote a review on rough set approach to

knowledge-based decision support [20]. The underlying operations of rough set theory are

used to discover the essential pattern in data. Thus, rough set methodology has strong
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relationships with machine learning, knowledge discovery, statistics and inductive

reference.

In his paper, Pawlak mentioned that rough set theory has found many interesting
applications. Rough set theory has the main advantage that it does not need any external
information about data. Rough set theory lets the data speak about themselves. Successful
applications of rough set theory in many real life problems in medicine, engineering,
banking, financial and market analysis and others have been found in many technical

papers [20].

Ziarko’s study found that the primary challenge dealing with rough set community today
is the development of real life industrial applications of rough set method. Most of rough
set papers are theoretical works with a few papers describing practical implementation.

Rough set methodologies also have been used in medical domain [54].

Wu, et al, show the recent development of rescarch works using rough set methodology.
Recently, many research works deal with combination the rough set theory with other
artificial intelligence methods such as fuzzy logic, neural networks and expert systems.
Promising results have been achieved [21]. In their paper, rough set theory applications in
a number of challenging fields such as pattern recognition and information processing,
business and finance, industry and environmental engineering, system faults diagnosis
and monitoring, intelligent control systems and other areas are shown and reviewed. One
of the challenging areas is medical diagnosis and medical data analysis. Research work on
rough sct/fuzzy logic application coronary artery disease by Anderson, et al, is found and

reviewed in their paper [17][21].

Research using rough set theory in many interesting fields requires experimental tools and
verifications. Focusing on main problems of research needs powerful tools and software
that automate rough set data analysis and operations. Several tools have been made by
many researchers. A brief review of main software systems of rough set data analysis

which is freely distributed is introduced here.

Ohrn developed a software ROSETTA that is freely distributed and can be downloaded
[55]. ROSETTA software supports complete steps of data mining and knowledge
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discovery process based on rough set theory. All the steps of data mining such as data
preprocessing, missing data handling, discretization, reducts and rules generation,
classification and evaluation. Discretization and reducts generation packages take from
RSES library are also available [56].

Bazan, et al, developed a software RSES which stands for Rough Set Exploration System
[56][57]. RSES software is also downloadable. Like ROSETTA, the system has complete
data mining steps and provides other data mining methods which instance based method

or k-NN, Local Transfer Function Classifier (LTF-C) and decision tree algorithm.

ROSETTA and RSES are used in rough set data analysis in this thesis because they
provide complete processes of data mining, user friendly, freely distributed and can

handle large data set with different format.

Another rough set theory software is ROSE which stands for Rough Sets Data Explorer
developed by Predki, et al [58][59]. ROSE is not used in this thesis because it has

limitation in reduct generation for large data set.

There are other software systems based on rough set theory available such as GROBIAN
[60] and LERS [49].

24  ARTIFICIAL NEURAL NETWORK

Artificial neural network or simply ANN, is a computational model of the brain. Artificial
neurons are interconnected by the link, forming a network called artificial neural network.
ANN works similar to the work of the brain. The network received input and internal
processes take place. These internal processes are activation of neurons. The network
results in output. The use of ANN provides many properties and capabilities such as
nonlinearity, input-output mapping, adaptivity, evidential response, contextual
information, fault tolerance and uniformity of analysis and design [61]. Although many
ANNs models have been proposed, the multi layer perceptron or backpropagation is the
most widely used model in terms of practical applications [52]. MLP is also widely used
in medical decision support system [9][61]. It has been successfully applied to many

difficult problems in many areas. Figure 2.6 shows the topology of MLP.
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Figure 2.6 Topology of multi-layer perceptron

An MLP is a network of nodes or neurons as processing elements which are arranged into

layers. A typical MLP usually consists of three layers: input layer, hidden layer and

output layer. Single hidden layer is used to make MLP act as a universal classifier. The

neurons are connected between layers by their corresponding weights. The propagation of

the signals that pass from input to output can be modelled as:

v = J (iwmx,-) (2.18)

v, = 1wy 219)
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where x,,...,x, are input signal including the bias. w; is the connection weight between
the input x; and the neuron £. v,,...,v, are hidden layer’s output signals that will become
the input of the output layer y,,...,¥, . w,g.[ is the connection weight between the hidden

layer’s output v, and the neuron /. f,(.) and f,()) are the activation functions of the kth

and jth neuron respectively. The sigmoid function is usually used in MLP. One of
sigmoid functions is hyperbolic tangent function defined as

f(a)=tanh{a). (2.20)

Learning or training in MLP is updating the weight values based on the mean squared

error (MSE) between target and output, which are described in the following equations:

E=QE3a, -y, (2.:21)
J
Awy? = -1 ;7’? , or (2.22)
b
Aw = -7 ;TE + A (2.23)
i
W =l 4 A (2.24)

where ¢, is the target of learning at neuron f, 77 is a learning rate parameter and & is a

momentum factor. There are many learning methods based on backpropagation (BP).
Resilient Backpropagation (Rprop) is a modified BP by considering only the sign of error

gradient to indicate the direction of the weight update. The size or weight change is

determined by a certain value A . The typical values of parameters are 7~ = 0.5, 7 = 1.2

and A =0.07 [62].



Hence, the weight increment update becomes:

Aw,fr."} =<4+ AW

The new update value A+ can be computed as:
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(2.25)

(2.26)

25  MISSING ATTRIBUTE VALUES IN THE FIELD OF DATA MINING

Data mining or Knowledge discovery from data (KDD) processes usually encounter

missing data problem. The source of problem may be from collecting processes due to the

device and human error. The quality of data is very important factor for KDD to reach

good quality. There are two approaches to solve this problem. The first is to impute the

missing values before using them in knowledge discovery process. The second is

modifying the knowledge discovery methods in order to be able to handling the missing

data without any imputation [63].

Many methods to deal with missing data have been proposed. Grzysmala-Busse and Hu

compared nine approaches to deal with missing data in data mining [22]. Their work has

used ten input data files.

The nine approaches are:
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1. Most common attribute value.
ii.  Concept or decision based most common attribute value.
iii.  Decision tree, namety C4.5.
iv.  Method of assigning all possible values of the attribute.
v.  Method of assigning all possible values of the attribute restricted to the given
concept (decision).
vi.  Method of ignoring examples with unknown attribute values.
vii.  Event-covering method.
viii. A special LEM2 (Leamning from Example Module version 2) algorithm.

ix. Method of treating missing attribute values as special values.

All the nine approaches are used to impute all ten data sets. Then the original data sets
and imputed data sets, except C4.5 methods, are sampled into ten pairs of training and
testing data. The sampled files then are used as the input of classifiers to generate
classification rules. Ten fold cross validation is used to evaluate the classifications. The
average error of different methods is calculated for comparison. Their experiment can not
draw a conclusion which method is the best imputation because the best imputation only

occurs at specific data set and specific classifiers.

The comparison on approaches to assign missing attributc values was also studied by Li
and Cercone [24][64]. They proposed a new approach RSFit on processing data with
missing attribute values based on rough set theory and distance based method. The core
of the data set is calculated except when there is no core then a reduct is used. The new
decision table based on core or reduct can be built. To impute the target of missing
attribute value, the non target attributes contains missing values are included. Two
approaches based on decision class are used. The first approach is that all the data
instances are involved during distance calculation. The second approach is that only the
data that belong to the same decision class is used. The distance is calculated where the
missing values distance is assigned as 1 which is the maximum difference between
unknown values. The selected value which will be assigned to the target of missing value
has the smallest difference. RSFit can not give high accuracy imputation because it does
not consider the relationship among attributes inside the data set. Li and Cercone then

proposed a combination between RSFit and frequent itemset of association rule technique
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named JtemRSFit [64]. It uses frequent itemset to find relationship among attributes and
impute the missing values. The frequent itemset technique does not cover all the missing
values because there is no possible match can be found to impute the missing values. For
this aforementioned case, RSFit is used. The frequent itemset technique needs predefined
value of support to impute the missing values. Smaller value of support gives better
accuracy of imputation. The use of RSFit in ItemRSFit means that not all imputation is

based on relationship among attributes.

The use of RST for missing data imputation is also proposed by Nelwamondo and
Marwala [65]. By finding relationships between attribute values based on RST without
extracting any rules, the missing data can be estimated. This method can only impute the
missing case which is similar to or related to another case. If there is no similar or related

case then no imputation can be made.

Fessant and Midenet proposed imputation method using Self-Organising Map (SOM)
[66]. The method is applied on data in surveys. They use the ability of SOM handling the
missing input to build map similar to the map that uses complete input. The resulting map
13 used to impute the missing input values. The designed SOM is tested using transport
survey and compared to Multi Layer Perceptron (MLP) imputation, hotdeck imputation
which uses nearest neighbor approach and mean imputation. Their results show that SOM
has accuracy that is similar to MLP and hotdeck imputations. In the case of categorical
missing values, SOM 1is better than MLP. However, MLP is better than SOM for
numerical missing values. Unlike MLP, SOM does not need complete input attributes to
impute the missing values. SOM needs only one model to impute can missing values in
every attributes while MLP needs many models to impute missing values in every
attributes. SOM needs predefined parameters such as learning steps and the size of maps
before applying to impute the missing values. The correct size of map should be
determined. The evaluation method is mostly based on error and mean squared error.
There is no study the effect of imputation to the quality of knowledge discovery from data
in their work. The similar work proposed by Wei and Tang [67]. They proposed a generic
framework for missing value imputation based on SOM. The model is applied on credit
card company data set. They used two stage imputation algorithms. Mean or most
common value filling is applied before using the second stage which is SOM. Since SOM

is used then it has similar limitation as Fessant and Midenet work.
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Siripitayananon, et al, proposed imputation of missing data in wind speeds using neural
network [32]. The neural network used is multi layer perceptron with five input, four
hidden nodes and single output. The model is used to estimate the missing wind speeds
data at one of the station based on the other stations. Z-score is applied to normalize the
input data. The MLP model is compared to nearest neighbor imputation method. Their
results show that MLP is better than nearest neighbor method. The input attributes used in
their work are only four. The model is not proven to be robust enough for many input
attributes. Similar work is done by Bhattacharya, et al [31]. They used MLP to predict
missing wave data in sedimentation modeling which is time series data. The model has
seven inputs and single output. Their results are not compared to other methods.
Bhattacharya and Solomatine compared the MLP missing data imputation to M5 model
tree and found that MLP is slightly better than M5 for missing data in sedimentation
modeling [68].

Wu, et al, proposed the use of association rules for completing missing data [69].
Association rules from complete data set are extracted. Then the extracted association
rules arc applied to impute missing values in incomplete data set. The attributes that
contain missing values must be rule consequent of corresponding association rules. Their
results are compared to Robust Bayesian Estimator (RBE) imputation method and give
better results. Only the discrete data assumed to be correct and noise-free are used in their
experiment. Predefined parameters which are minimum support and confidence must be
determined. The way to determine these parameters is one of their problems. And also not
all extracted association rules can cover the missing data. These are limitations of their
method. Ragel and Cremilleux proposed similar method to impute missing data based on
association rules [27][70]. They split incomplete data set into several valid databases
(vdb) instead of using complete data set. Then similar method as what proposed by Wu,

et al, is applied.

Wasito and Mirkin combined least squares method and nearest neighbor imputations
[25][26][63]. The least squares method used are iterative majorization least squares
(IMLS) developed by Kiers based on weighted least squares [71]. Wasito and Mirkin
proposed three stages of imputation method. The stages are applying IMLS, then nearest
neighbor and then IMLS. The system is tested using multiple type of missing data, Their
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method is more in generic solution than specific one. Practically the missing data problem

is specific in particular type of data.

In the field of bioinformatics, Wang, et al, proposed imputation method based on Support
Vector Regression (SVR) and orthogonal coding scheme to estimate missing values for
DNA microarray gene expression data [29]. SVR is based on Support Vector Machines
(SVM). Radial basis function is used as kernel function. Similar to MLP base imputation,
the attribute that contains missing values is assigned as output and the other attributes are
assigned as inputs. In case of more than one missing attributes, simple imputation
schemes such as zero value, mean and orthogonal coding scheme imputations are applied
to the input attributes that contain missing values. Their proposed method is compared to
k-NN, Bayesian Principal Component Analysis (BPCA) and Local Least Squares (LLS).
The results show that SVR based imputation with orthogonal coding scheme performs

better than the others,

Troyanskaya, et al, compared k-NN, Singular Value Decomposition and row average
methods to impute missing values in DNA microarrays [28]. Variations of parameters are
evaluated over different data sets using 1-20% of simulated missing values. The

evaluation results show that k-NN has better performance than other methods.

Similar comparison study over different methods of imputations on medical data is
conducted by Giardina, et al [72]. Five missing values imputations which are k-NN and
correlation-based models are applied to diabetes data sets. Their results show that
correlation-based model namely EMImpute Columns which is based on correlation

between attributes gives assuring method to estimate missing values.

Missing data also occurs in the field of environmental sciences. Junninen, et al, compared
several methods which are regression bases imputation, k-Nearest Neighbour (k-NN),
SOM, MLP and hybrid combinations of the aforementioned methods [30]. The methods
are applied on simulated missing data in air quality data sets. SOM and MLP gave better
performance in term of accuracy than other methods. k-NN has better computational
speed.

There is other strategy to handle missing values without imputation by modifying the data

mining methods to be able to deal with incomplete data sets without any imputation
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needed. Grzymala-Busse proposed rough set strategies to data with missing entries[73].
With Siddhaye, Grzymala-Busse improved the previous rough set approach for rule

induction using data with missing entries [74].

Most of the research works on missing data imputation use simulated values and
evaluates their results on accuracy of imputations. The practical use of imputation is on
knowledge discovery problem which the quality classification should be taken into
account more than just imputation accuracy. The choice of imputation methods should
depend on knowledge discovery methods which will be used. In this type of problems,
research work by Al Shalabi, et al, is proposed [23]. Their research did not propose
imputation methods but they proposed framework to deal with missing data when the
knowledge discovery method is induction of classification rules base on rough set theory.
The coverage percentage, number of rules and number of reducts are used to evaluate the
four missing data handling methods. They draw a conclusion that the best method to deal

with missing data depends on the task of knowledge discovery.

Based on aforementioned literature reviews, ANN based imputation gives good
performance on accuracy of imputations. RST can be used to reduce the number of input
attribuies when there are many input attributes for ANN based imputation [75]. The
combination of ANN and RST to build classifiers for many domains of applications is
found to be success [76-78]. The type of incompleteness of medical data is not missing in
random. Usually the missing data occurs from one to several rows of attributes not in
random. ANN based imputation is appropriate for this type of missing data. The rough set
classifier will be used in this research. Hence evaluation based on classifiers especially
RST classifier is suitable. The hybrid ANN and RST for missing data imputation namely
ANNRST is proposed in this work. The evaluation of imputation methods using novel

evaluation framework based on RST is also discussed.

26 RULE FILTERING AND SELECTION

The result of knowledge discovery process can be decision tree, association rules,
decision rules, sequential pattern, etc. The most comprehensive and interpretable
extracted knowledge is in the form of rules. Some rule induction algorithm such as rough

set theory results in large number of rules. This large number makes interpretability of the
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knowledge becomes low. Lacking of interpretability will cut down the advantages of rule
based systems which should be interpretable and easy to understand. The resulting large
number of rules is due to noise, redundancy in input and/or training data sets. Rule
pruning is the method to reduce the number of rules while maintaining the quality of the

system.

Agotnes investigated genetic algorithm and the use of quality measure for individual rule
to filter the large number of rules [33]. Predefined function is used to identify “good”
rules. Two properties that are commonly used to define the function are accuracy and
coverage [79]. Accuracy is used to measure the reliability or accuracy of single rule.
Coverage is used to measure the importance or powerfulness of single rule. In general, a
rule is said to be good if it is accurate and powerful. The performance is investigated
using Receiver Operating Characteristic (ROC) and statistical hypothesis testing. Ten
different formula of rule quality are used. Experiments using real data of acute
appendicitis and coronary artery disease are conducted. For acute appendicitis, six to
twelve rules filtered from 400 to 500 rules are obtained without significantly reducing the

performance of the classifiers.

Maddouri and Gammoudi conducted comparative study on semantic properties of rule
interestingness measure [34]. More than forty measures of interestingness are
investigated. These interestingness measures are then combined with semantic properties
of rules to find which of these measures have good semantic properties. They found
Zhang measure [34] has most of the semantic properties. There is no measure that can

perform constantly better than others in all fields of applications.

Li and Cercone proposed another measure of rules which is called rule importance
measure [35]. Based on medical cases, there are some routine exams that must be
conducted by the doctor such as age, blood pressure, body temperature, sex, etc. There
ar¢ some examinations or symptoms that are not always considered for patients by the
doctor. Li and Cercone assumed that the most important examinations or symptoms
should be included more frequently than the less important ones. Based on these and in
term of rule generation, they defined that if a rule is generated more frequently across
different rule sets, it can be said that this rule is more important than rules generated less

frequently across those same rules. In term of rough set theory, rule importance measure
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equals the number of times a rule appears in all the generated rules from the reduct sets
divided by number of reduct sets. In order to select important rules from large number of
rules automatically, the concept of reduct is introduced. The concept of reduct is used by
considering extracted rules as atiributes of new reconstructed decision table. Because
reduct represents important features of decision table, the attributes of reduct can be
considered as important rules. If the new reconstructed decision table has a core, then the
attributes in the core are considered as the most important rules [64][80][81]. The

applications of rule importance measure on different data sets is found in [64][80-82].

Rule importance measure based on reduct calculation is not feasible when the number of
rules is very large. Finding the reduct will take high computation resource especially for
large number of attributes with large number of objects. To overcome this problem, two
stages of rule selection are proposed. The first stage is by using rule quality measure
which is support filtering. After getting acceptable number of rules with acceptable
accuracy and coverage, tule importance measure is applied. It is worthless to apply rule
importance measure on very low quality of rule sets. Li and Cercone applied rule
importance measure on association rules and using training data to reconstruct new
decision table. In this thesis, modified rule importance measure is applied on decision

rules and testing data is used instead of training data to increase the generalization.

2.7  FUZZY DECISION SUPPORT

The types of applications for which fuzzy systems are particularly useful are mainly
difficult cases where traditional techniques do not work well. Medical problem is one of
such difficult problem. Some people consider field of medicine is more an “art” than a
“science” [39]. Fuzzy system approaches also allow us to represent descriptive or
qualitative expression such as “high”, “medium” or “low’ instead of quantitative
expression. These qualitative expressions are more natural than mathematical equations

for many decisions making,

Fuzzy theory began with paper written by Zadeh in 1965 entitled “Fuzzy Sets” [83]. He
named fuzzy sets for sets or classes where their boundaries can not be defined precisely,

such as “a class of beautiful women”, “a class of tall men” and “a class of real number
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that is much greater than 1”. He stated that imprecisely defined sets play an important role

in human reasoning in pattern recognition, semantics communication and abstraction.

Some essential characteristics of fuzzy sets are: exact thinking is considered as special

case of approximate reasoning, everything is a matter of degree and every logic system

can be fuzzified.

The key concept of fuzziness is that it allows the gradual transition from 0 to 1 rather than
crisp value 0 or 1. As an example, ordinary set only allow elements belong to or does not
belong to the set. In fuzzy set, everything is a matter of degree which means some
elements may belong to the set in a degree of membership values between 0 and 1. In
classical set, an element belongs to the set if the membership degree is 1, and does not
belong to the set if the membership degree is 0. Tt does not accept other than 0 or 1. Based
on this concept the fuzzy inference system is developed and gained tremendous success

of application on various domains.

Siu, et al, developed a fuzzy expert system for turbomachinery diagnosis [84].
Incremental forward chaining is performed to identify and rank the causes of vibration.
The rules for fuzzy inference are not obtained automatically. This fuzzy expert system
still uses complex analysis of domain experts to build the rules. The system is
implemented in FuzzyCLIPS. Similar works in different domain is proposed by
Koutsojannis and Hatzilygeroudis by using fuzzy expert system for diagnosis and
treatment of male impotence [85]. The same as Siu’s work, Koustsojannis and
Hatzilygeroudis use expert’s knowledge statistical analysis from 70 patients to model the
diagnosis process of male impotence, linguistic variables and their values. FuzzyCLIPS is
also used in their model. Their diagnosis accuracy is below the diagnosis of expert
although it is still better than resident’s (trainee specialist) diagnosis. In the field of risk
assessment of insurance, fuzzy expert system is proposed by Carreno and Jani [86]. The
same as Siu’s fuzzy expert system, their system derived its knowledge form expert’s
investigation of factors that affect risk assessment of life insurance. The results of fuzzy
cxpert system using FuzzyCLIPS is compared to the results obtained from the solution

using traditional numerical equations.
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Pure fuzzy system can not obtain its knowledge from raw data automatically. This is one
of the drawbacks of fuzzy system. Because the knowledge is obtained from domain
experts, the subjectivity of experts may give influence to the system built using fuzzy
concept. In order to cover this drawback, fuzzy system should be incorporated with other
method that can learn directly from raw data and discover knowledge in the form of rules.
Then the fuzzy system can use the rules to form inference system. One of the rule
discovery methods is rough set theory. Rough set theory can discover rules from raw data

without any external parameter and let the data speak for themselves.

Cho, et al, proposed autogeneration of fuzzy rules and membership function to fuzzy
system model using rough set theory [87]. The system does not really autogenerate rules
from raw data because the data only consist of twenty objects. They used rough set theory
concept for inconsistency handling by introducing occupancy degree. Although no
optimization is applied, complicated method is still used in their research work to model
the fuzzy system. The results are compared to those obtained by Lin and Cunningham
[88]. The performance is slightly lower than that is obtained by Lin and Cunningham in

their work after optimization.

Drwal and Sikora, proposed rough set based rule generation to build fuzzy decision
support system [89]. Tolerance mode rough set theory is used to generate rules from
decision table. Pearson rule quality measure was applied to filter the generated rules.
Fuzzy decision support was then built and applied to digital fundus eye images to
diagnose normal and glaucomatous patients. The result gave 65% classification accuracy
and 72% after fuzzification while pure rough set (ROSETTA) gave 60% and C5 (decision
tree based classifier) gave 64%. Their works are based on complete data. The filtering
method used only Pearson rule quality measure while the importance of rules is not
considered. No optimization scheme is applied in their work. Sikora improved his
previous work by improving rule generation procedures namely RMatrix and MODLEM
mcluding optimization using genetic algorithm [90]. His system was tested in benchmark
and industrial data sets. The optimization scheme failed to give significant improvement

of accuracy.
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In the field of medical diagnosis, the combinations of fuzzy set and rule induction
methodology where rule induction method is used to gencrate fuzzy rule sets are found in

[15-17]{91][92] . Some of them are explained and reviewed in section 2.2.3.

Based on aforementioned review, it is found that fuzzy system attracts many researchers
to build their decision support systems. Although fuzzy system has disadvantage, by
combining it with rule induction methods such as rough set theory and decision tree
method (C5), the fuzzy based decision support system are successfully applied in many
areas with good performance. The combination of fuzzy system and rough set based rule
.generation is potentially useful for solving the problem in many fields such as coronary

artery disease diagnosis.
2.8 SUMMARY

This chapter has reviewed the important problem of coronary artery disease and its
diagnosis. Diagnosis of coronary artery disease needs much information in order to draw
the correct decision. Practically the step of gathering complete information such as
historical data, symptoms and medical test data for the diagnosis are not always easy and
economically efficient. Usually the medical test starts from cheap to expensive one. Even
though the complete historical data, symptoms and medical test data from patient are
available, cardiologist may still get confused to draw conclusion of the presence of
coronary artery disease. The angiography is the choice for the cardiologist to make sure
that the diagnosis is correct. Although the angiography has risk and is expensive, it is still
the standard for the diagnosis of coronary artery disease.

Alternative methods to diagnose coronary artery disease are emerging using advanced
computer methods such as artificial intelligence, soft computing and expert systems.
These computer based methods are used as decision support system for cardiologists to
help them giving the correct diagnosis of coronary artery disease. The decision support
system for diagnosis is based on information from patients such as historical data,
symptoms and medical tests data. The computer program gives inference method to draw
conclusion from patient’s data. One of the decision support systems is called evidence

based system. This type obtains the knowledge directly from the patient’s cases and
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encompasses medical experts. Rule induction based decision support is example of this

method. Numerous research works in this field have been reviewed.

Rough set theory is introduced as the new emerging method and reviewed. Tt can be

applied on attributes reduction as well as rule induction.

To build evidence based decision support system, high quality data sets are needed.
Missing data occur in data sets will degrade the quality of data. Artificial neural network
based missing data imputations have been proven to be successful for estimating missing
values in input attributes. The rough set concept of attribute reduction can be combined
with artificial neural network to impute missing attribute values in data sets as proposed

in this thesis.

Rough set theory can be used to measure the importance of rules and then may be applied
in rule selection problem. Rule quality and importance measure should be used in rule

sclection problem to give the high quality and important selected rules.

The use of fuzzy theory is very useful for decision making problems. Research works
based on fuzzy theory and combined fuzzy and rough set theory for decision support
system have been studied. The combination of fuzzy theory and rough set theory to build
decision support system for the diagnosis of coronary artery disease is proposed in this

thesis.
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CHAPTER 3: METHODOLOGY

3.1 INTRODUCTION

The aim of this chapter is to describe and propose a method to develop evidence based
decision support system for the diagnosis of coronary artery disease. The system must be
able to handle the incomplete and continuous data with high accuracy at acceptable
coverage. The system must have transparent knowledge. This chapter starts from the data
sets that used in this research. The method to find the appropriate method to impute the
missing data is explained. Knowledge extraction method from raw data in the form of
acceptable number of decision rules with high accuracy and coverage is proposed. An
appropriate method to evaluate the imputation method and extracted knowledge is also
introduced. Finally, the development and evaluation methods of decision support system

based on the extracted knowledge are explained.

3.2 RELATED WORKS

There are several research papers on the diagnosis of coronary artery disease. A
multilayer perceptron based medical decision support system has been developed to
diagnose five types of heart discases such as hypertension, coronary heart disease,
rtheumatic valvular heart disease, chronic cor pulmonale and congenital heart disease [9).
However artificial neural network itself cannot explain the knowledge inside it, even
though the system has high accuracy. Bayesian network model of heart disease is
proposed by Jayanta and Marco [10]. The system could predict the probabilities of heart
disecases and dependency among attributes related to heart diseases. A set of machine
learning methods was evaluated on the atherosclerotic coronary heart disease [11]. The
objective was not to compare different machine learning results but to explore the
possibilities of both machine learning and medical expertise improving the quality of
regular medical practice. Prognosis of cardiac events (cardiac death or non-fatal
myocardial infarction) was proposed by Komorowski and Ohrn [12]. Diagnosis of
ischemic heart disease using various machine learning techniques was found in [13]. The
data of 4000 patients were used. Extension of multi layer perceptron for coronary heart

discasc diagnosis by making it interpretable was shown in [14]. Fuzzy discrimination
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analysis for diagnosis of valvular heart disease was also proposed by Watanabe, et al [93].
Most of these research works used large number of patients. A combination of data
mining technique based on rule induction, namely C4.5 [43] and fuzzy modelling was
used to diagnose CAD [15][16]. This work emphasized on fuzzy modelling of C4.5
generated rules. This system used 19 attributes of 199 objects to predict the presence of

50% or more narrowing at least in one of coronary artery vessels.

In this thesis, the combination of data mining technique and fuzzy modelling is adopted
and improved. RST technique is used to discover the knowledge from CAD data sets. The
discovered knowledge is in the form of “IF-THEN” rules. Missing data imputation
technique is based on ANN and RST with novel evaluation method. RST is used to select
important and high quality rules from large number of generated rules after missing data
imputation. Finally a fuzzy modelling based on the selected discovered rules is
implemented to handle the heterogeneity of input and gives continuous output that

represent the possibility of coronary artery blockage.

MLP is an ANN that is widely used in medical decision support system [9]. It has been
applied successfully to many difficult problems in many areas [61]. MLP is also used for
imputation purposes [30-32]. MLP can learn and find the complex and non-linear
relationship among the variables. Thus it can be used to impute missing values because
one variable can be predicted using other variables. These existing MLP imputation
methods use all variables without feature selection. In the decision systems, not all of the
variables may contribute to the decision. Only contributing variables should be selected to
simplify the MLP topology. RST has the ability to select variables that have strong
contribution to the decision by the concept of reduct [94]. A hybrid model of ANN and
RST called ANNRST is used in this thesis as the method of imputation. Using RST, the
complexity of ANN topology can be reduced by RST feature selection or attribute
reduction. Hence, the topology will be simpler but still has the ability. of imputing the
missing attribute values with similar performance to ANN before attribute reduction. The
required number of training samples usually increases with the dimensionality of the

input space [95].
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Many researchers have evaluated the performance of imputation using the accuracy and
error based metrics on simulated missing data [24-26][28-32]. The comprehensive
evaluation based on classifiers to measure the quality of imputation has also been
conducted in [22][23][27]. An idea to use the most complete data set (Cleveland) to
evaluate the quality of imputation is introduced in this study. The knowledge discovered
of data sets that have many imputed missing values (Hungarian and Long Beach) is used
to classify the most complete data set. This method is called “imputed classify complete”
because the imputed data set is used to classify the complete data sets to know the

correctness of imputation in term of extracted knowledge from the imputed data set .

The quality metrics of resulting RST rules as classifier, namely accuracy, coverage,
sensitivity, specificity are calculated. Area under curve (AUC) of receiver operating
characteristics (ROC) is also calculated [96]. Michalski rule quality is adopted and
modified as metrics to measure the quality of classifier based on testing data [33]. This

rule filtering method is proposed as an evaluator of the imputation performance.

Rules extraction by using RST will produce large numbers of rules. These rules need to
be filtered in order to get a reliable number of rules. There are many studies that proposed
various rule filtering methods [33-35][64][80-82]. In this section, RST based rule
importance measure is adopted to select the rules by converting the rules to decision
tables [64]. Filtering method based on rule support is applied for the first stage to select
the rules. The second stage is applying rule importance measure to select the important

rules from the rules which are filtered in the first stage.

These crisp rules are fuzzified, i.e. the crisp rules are transformed into fuzzy using fuzzy
membership function. Different from fuzzy decision support system developed by
Tsipouras, et al, fuzzy weighing method is introduced based on selected RST rules

support of training data [15][16].

Coronary artery disease (CAD) data sets taken from University California, Irvine, U.S.
are the most used data sets in research works on computer based diagnosis of CAD.
Missing data imputation based on ANN and RST is proposed and discussed. Rule

generation and selection based on rough set theory is also demonstrated. Fuzzy modeling



of the decision support system is described at the end of this chapter.

methodology flow is shown in Figure 3.1.
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3.3 CORONARY ARTERY DISEASE DATA SETS

Coronary artery disease data sets from UCI database repository atiract many researchers
to build decision systems [39]{44][46][47][97-100]. The UCI-CAD data sets contain 920
patients that are collected from Cleveland Clinic Foundation U.S. (303 patients);
Hungarian Institute of Cardiology, Budapest, Hungary (294 pétients); Veterans
Administration Medical Center, Long Beach, California, U.S. (123 patients) and
University Hospital, Zurich, Switzerland (200 patients). The data form Ipoh Specialist
Hospital, Malaysia consists of 22 patients. The results of CAD disease are obtained by
coronary angiography. There are 14 attributes of CAD data which are proved to be

complete data set. These attributes can be seen in Table 3.1,

Table 3.1 Summary of attributes and decisien (IJCI Heart Disease Data Set) [42]

age Age Numerical
g

sex Sex 1 if male; 0 if female
cp Chest pain type 1 typical angina

2 atypical angina
3 non-anginal pain

4 asymptomatic
trestbps  |Resting systolic blood pressure on admission to [Numerical
the hospital (mmHg)

chol Serum chelesterol (mg/dl) Numerical
fbs Fasting blood sugar over 120 mg/dl ? 1if yes
0ifno
restecg Resting electrocardiographic results : 0 normal
1 having ST-T wave
abnormality
2 LV hypertrophy
thalach Maximum heart rate achieved Numerical
exang Exercise induced angina? 1if yes
0if no
oldpeak |ST depression induced by exercise relative to rest |Numerical
slope The slope of the peak exercise ST segment 1 upsloping
2 flat
3 downsloping
ca Number of major vessels colored by fluoroscopy Numerical
thal Exercise thallium scintigraphic defects 3 normal

6 fixed defect
7 reversible defect

num Diagnosis of heart disease (angiographic disease |0 if less than 50%
(decision) |status / presence of coronary artery disease (CAD)) |diameter narrowing
in any major vessel
(CAD no)

1if more than 50%
{CAD yes)
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An example of data set in the form of decision table is shown in Table 3.2, The missing

values are indicated by “?”,

Table 3.2 Example of UCI Heart Disease Data set

166

138 257

1 1 3 0 2 0 0 1 0 3 0
2 0 3 128 216 O 2 115 0 0 1 0o 7 0
3 0 4 138 234 0 2 160 0 0 1 0 3 0
4 0 4 100 248 0© 2 122 0 1 2 0 3 0
5 1 3 124 255 1 0 175 0 0 1 2 3 0
6 1 4 132 207 O 0 168 1 0 1 o 7 0
7 1 3 138 223 0 0 169 0 0 1 ? 3 0
8 1 3 129 196 0 0 163 0 0 1 0 3 0
9 1 4 140 298 0 0 122 1 4.2 2 3 7 1
10 1 4 132 247 1 2 143 1 0.1 2 ? 7 1
1 1 2 154 232 0 2 164 0 0 1 1 3 1
12 0 4 130 197 0 0 13 0 0.6 2 0 3 0
13 1 4 110 335 0 0 143 1 3 2 17 1
14 1 3 13¢ 253 0 0 179 0 0 1 g 3 0
15 0 4 128 205 0 1 130 1 2 2 1 7 1
16 1 2 122 192 0O 0 174 0 0 1 0 3 0
17 1 4 148 203 © 0 161 0 0 1 1 7 1
18 1 4 114 318 0 1 140 g 4.4 3 3 6 1
19 0 4 170 225 1 2 146 1 2.8 2 2 6 1
20 1 2 126 220 0 0 144 0 04 2 ? 7 0
2 1 4 140 187 0O 2 144 1 4 1 2 7 1
22 0 4 124 197 0 0 136 1 0 2 0 3 1
23 1 2 120 157 O 0 182 0 0 1 0 3 0
24 1 4 164 176 1 2 90 0 1 2 2 6 1
25 0 4 140 241 0 0 123 1 0.2 2 g 7 1
26 1 1 110 264 0 0 132 0 1.2 2 o 7 1
27 1 4 144 183 1 0 141 0 34 2 2 7 1
28 1 4 130 131 0 0 115 1 1.2 2 1 7 1
29 0 2 130 236 O 2 174 0 0 2 1 3 1
30 1 3 138 1756 0 0 173 0 0 1 ? 3 0

Most of the researchers use Cleveland data set that consists of 303 patients because it
contains only six patients which have missing values on thallium scintigraphic defects or
number of vessels colored by fluoroscopy. The number of disease prevalence is 139 out
of 303 patients (45.87%). Hungarian data sct has the disease prevalence of 106 out of 294
patients (36.05%). Long Beach data set has the disease prevalence of 149 out of 200
patients (74.5%). Switzerland data set has the disease prevalence of 115 out of 123

patients (93.5%). These three data sets have many missing values not just in thallium
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scintigraphic defects and number of vessels colored by fluoroscopy that appeared to
contain calcium, but also in the slope of the peak exercisc ST segment and serum
cholesterol. A few missing values are also found in other attributes of these three data
sets. There are two reported works that use Hungarian, Long Beach and Switzerland data
sets which contain many missing values to develop CAD diagnosis system which are
proposed by Detrano, et al [39] and Pedreira, et al [100]. However, Detrano, et al, have
the complete version of data sets while Pedreira, et al, eliminates the objects that contain
missing data. The three data sets that contain missing values are too valuable to ignore
during the development of data driven decision support system. In this thesis, selected
objects from Hungarian and Long Beach data sets which are incomplete are used and
imputed using ANNRST imputation. This imputed data set then is considered as the
training data of RST based rule generation. Cleveland data set is used as testing data and
that of Switzerland is used as validation data. The data from Ipoh Specialist Hospital is
used for fuzzy decision support system validation. To verify the performance of
ANNRST imputation, 597 selected objects from Cleveland, Iungarian and Long Beach

data sets that have complete attribute values are used.

34 ROUGH SET THEORY

Rough set theory, as described by Pawlak, deals with the analysis of classification of data

tables that may consist of uncertainty.

3.4.1 Decision system and set approximation

The objects of RST are information system and decision system and set approximation.
This study deals with decision system. Thus, only decision system will be covered in this
brief explanation. The decision system is defined as:

DS=U,CuD), 3.1)

where D @ C'is called decision attribute or simply as decision.
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Table 3.3 Example of decision table

xelS Cq ¢y d
X 0 3 1
X5 0 -0 0
X3 1 1 0
X4 1 1 1
X5 2 2 0
Xg 0 3 1
Xy 2 2 0

Table 3.3 is an example of decision table with D = {d} and C = {¢;, c,}.

U and C are finite nonempty set called the universe and the set of condition attributes or

simply conditions.

LetAc C, each subset defines an equivalence relation called indiscernibility relation

which is defined as:
IND.(4) = {{x,x')e UXU |Vce 4,c(x) = c(x')}. (3.2)

Using only condition in A4, the indiscemibility relation of equation (3.2) will induce a

partition of U into sets. Each object in the set cannot be discerned from other object in

same set. For example 4 = {c, } , then the partition which is induced by equation (3.2):
U/IND (A) = {{x,,x5},{x,},{%;,%,}.{x5.x;}}. The sets of classified objects are called

equivalence classes denoted as[x],.

Set approximation is used when a decision concept such as d cannot be defined in a crisp

manner. It is shown in Table 3.3 of objects x; and x,. For 4 < C, the approximations of

X Uusing only information in 4 are a lower-approximation 4X and an upper-

approximation AX that are defined by:

AX ={x{[x], € X} (3.3)

AX ={x|[x], N X =@} (3.4)
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The set of lower-approximation consists of objects which certainly belong to .X. The set of
upper-approximation consists of objects which possibly belong to X. The set that contains
objects that cannot be classified as definitely inside X or outside X is called boundary

region of X:
BR (X)=AX —AX | (3.5)

A set is said to be rough if BR (X)#@. Let 4={c,} and X = {x,x,,x,} as aresult of
d=1. Then AX ={x,xs}, AX ={x,%,,x,,%,} and BR,(X)={x,,x,}. It follows that

outcome of d =1 is rough since the boundary region is not empty.

Let D as decision and 4 < C as conditions, then 4-positive region of D is defined as:
POS ,(D)=U yp4X (3.6)

where {//Drepresents the partition of U according to decision D. For example in Table

3'23 Wlth Az{cz} then POSA(D):U{{xﬂxﬁ}s{xz}:{xS:x?}}={x1=x23x59x69x7}‘

3.4.2 Reduct

The condition attributes of decision system DS may be redundant so they can be reduced.
The reduction of DS will result in reducts. A reduct is a minimal set of attributes
A< Csuch that POS (D)= POS.(D). A reduct is a combination of conditions that can
discern among objects as well as all conditions. Reducts can be computed using
discernibility matrix and discernibility function [101]. A discernibility matrix of decision

system DS can be defined as nx» matrix M with its elements:

fce Cle() = clx))}if d(x)) = d(x)),
@ if d(x,)=d(x,).

fori,j=1...nand de D.
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The elements of M are the conditions that are needed to discern object i from object f
relative to the decision. Table 3.4 shows an example of decision relative discernibility
matrix of Table 3.3. Discernibility function can be derived based on a discernibility

matrix. A discernibility function f. for decision system DS consists of & Boolean

variables of Boolean function which is defined as:
Jele* e, =afvm,*|1< j<i<n,m; # D} (3.8)

where m,*={c*/cem,}. All the minimal reducts of the decision system may be

obtained by finding the set of all the prime implicants of discernibility function.
According to Table 3.3, the discernibility function of decision system DS is
Jeley,ep)={e; v e, afe,}. After simplification using Boolean algebra properties then
the discernibility function becomes f,.(c,,¢,)={c,}. Thus there is only single reduct
{c,}. The concept of reduct can be used as attribute reduction or feature selection.

Sometimes reducts computed based on relative discernibility of objects are more
interesting than full discernibility reduct, especially for decision rule generation. Reducts

that are relative to object xe U can be found modifying equation (3.8):

fole ®,0,%,x,) = AU{vmy.* | my = M(x,,x,),m; # D} (3.9)
X'jE

Table 3.4 Example of decision relative discernibility matrix

xelU}| X X X3 X4 X5 Xg X7
X4
X ]
X3 |¢nCz
X4 C4,Cz
X5 |CnCz Gy, C2
Xe Gz |C1,Cz CnCa
X7 |CuC2 C4,C2 C1C2

For example object x; relative reducts can be calculated using object relative

discernibility function shown in equation (3.14) f,.(¢,,¢,,x,)={c, vV ¢,}, hence relative
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reducts are {c;} and {c;}. All relative reducts of x, to x, can be found.

3.4.3 Decision rule generation

Once all of the relative reducts are determined, a set of decision rules can be generated

from those reducts. Various algorithms are available to generate rules from those reducts.

Consider DS = (U,Cw D) as a decision table. Vxe U, series ¢ (x)yes €, (X),d(x) can
be defined, where {c,...,c,} = C and {d} = D . Hence the decision rules can be generated

in the form of ¢ (x),...,¢,(x) = d(x). C can be the condition attributes of reduced form of

decision table (reduct). For example, using information from Table 3.3 by considering

one of its relative reducts = {¢,} as shown in Table 3.5,

Table 3.5 Relative reduct of Table 3.3

xel) Ca d
Xy 3 1
Xz 0 0
X3 1 0
Xy 1 1
X5 2 0
Xg 3 1
X7 2 0

the rules can be generated as antecedent consequent form as follows

IF c;=3 THEN d= L. (3.10)
IF ¢;=0THEN d=0. (3.11)
IF ¢;=2 THEN d=0. (3.12)
IF c;=1THENd=1o0rd=0. (3.13)

The set of rules (3.10-3.13) is said to be deterministic. Rule (3.13) is indeterministic
because its consequence is uncertain. The definition of rule support is described as how
many objects match the corresponding rule. For example rule (3.12) has support = 2

because there are 2 objects that match the rule antecedent and consequent. Those objects




60

are x5 and x. Support can be used as rule filtering criterion when there are too many rules
generated. Accuracy of certain rule can be calculated as its support divided by the number

of objects that match its rule antecedent. Thus, rule (3.12) has accuracy =2 . Coverage of

a rule can also be calculated by dividing its support by the number of objects that match

its rule consequence. Hence, rule (3.12) has coverage =2

3.5 MISSING DATA IMPUTATION

Knowledge discovery from data (KDD) processes usually encounter missing data
problems. The source of problems may be from collecting processes due to the device and
human error. The quality of data is a very important factor for KDD to reach a quality

discovery of knowledge.

A naive technique such as to ignore the instances which contain missing attribute values,
is usually used to process the data set. However, this technique will cause important
information loss within the data. In the worst case, a significant amount of data will be
discarded. Even the instances that only have one missing attribute value will be discarded.
Some methods will assign the most common value or the average value to the missing
data, These techniques will add noise to the data set because the imputed values may not
come from the data originally derived from. These techniques also can not learn the

nature and the property of the data set.

ANNRST attribute reduction is proposed here to impute the missing attribute values on
CAD data from UCI data set. This system takes the ability of learning from ANN and the
ability of removing redundancy of the data from RST. Function of ANNRST is discussed

and explained to give the clear idea about the methods.

3.5.1 ANNRST data imputation

ANNRST is a hybrid method of MLP-ANN as a missing data estimator and RST as an
attribute reducer of the input. The reduction of attributes is achieved by comparing
equivalence relations generated by sets of attributes. Attributes are removed so that the

reduced set provides the same predictive capability of the decision feature as the original.
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As an illustration, consider a data set in the form of a decision table that consists of m

condition attributes: {c,,c,,...,c,} and single decision attribute: {d}. Let {c,}be the
attribute that has missing values. Using ANN, a missing value estimator can be built to
estimate the missing values of attribute {c,} by using {c,c,,...,c,} and {d} as the input
attributes of input layer and {c,} as the output attribute of output layer. Thus, there will

be m input attributes and one output attribute. Using RST, the decision table can be

reduced using the reduct concept. Then, the condition attributes can be reduced to:
{c,¢y5.,¢,} where n<m. For missing values of {c,}, an ANN imputer can be built with
smaller size of input attributes: {c,¢,,...,c,}and{d} . The diagram of ANNRST is shown
in Figure 3.2, where ¢, denotes the th atiribute that has missing values. As an illustration,

consider Table 3.6.

Figure 3.2 ANNRST topology
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Table 3.6 Example of data set with three condition attributes and missing values

xel
X1

£

Y
(v}
o

X2
X3
Xy
X5
Xg

Xg
Xg

M RNMNRNDORN = =20
W W N WN = 2O W
- 0 O 0 20 2 ) 0O -
= 2D =20 2200 |

To compute the reduct, the instances that have missing attribute values are removed and

thus Table 3.6 becomes Table 3.7.

Table 3,7 Example of data set with missing values is removed

xel Cy Gz Ca
Xy

A2
X4

X7
Xg

W W hNN = O W
- 0 O QO = O =
= A OO0 O o

X1p

RST reduct computation using Johnson’s algorithm yields the reduct of Table 3.7 which
is Table 3.8 [102].

Discretization must be conducted for the case of Table 3.2 which has continuous values

of its conditional attributes before applying reduct computation.

The algorithm of discretization operates by first creating a Boolean function fx from the

set of candidate cuts, and then computing a prime implicant of this function.
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For cach condition attribute ¢, its value set 7, can be sorted to obtain the following

ordering:

Vi< <yl <<y (3.14)

e
<

Let K, represents the set of all generated cuts for attribute ¢ with decision d.

X! ={xeU|e(x)=v} (3.15)

A, ={veV,|Ixe X! such that d(x) = v} (3.16)
vi+vi+1 ) ) )

K, ={°—2£m| A |>lor|A™|>1or A ¢A’:‘} (3.17)

The function fx is defined as:

fe =TI A K ke K, ande(x) <k < () andd () £, ()} (3.18)

(xy) ¢

where 9. (x)={ve ¥, |Iye Rc(x)such that d(y)=v} and R.(x)={pe U|xR.y}

The processing steps of computation based on Johnson’s algorithm are illustrated as

follows:

Let B represent the reduct or the discretization cuts. U denotes the set of sets

corresponding to the function fi (3.13) or fx (3.23), and w(S} denotes a weight for set S in

U that automatically gets computed from the data [55].

i.

il

1il.

iv.

LetB=0

Let ¢ or k denotes the variable that maximizes 3" w(s), where the sum is taken over
all sets S in U that contain ¢ or k.

Add cor kto B.

Remove all sets S from U that contain ¢ or £.

If § = return B. Otherwise, go to step ii.
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Table 3.8 Example of reduct of data set with three condition attributes and missing values

xel Ca d
Xy 3 1
X 0 0
X4 1 1
X5 2 0
X7 2 0
Xg 3 1
X10 3 1

Based on Table 3.8, a simple MLP-ANN can be built to estimate the missing data of
attribute 3. Although a single hidden layer is enough to make ANN become universal
approximator, there are no strict formulas to determine the number of hidden neurons. For
this case, log; of the number of training samples is chosen to determine the number of

hidden neurons [103]. The topology is shown in Figure 3.3.

C2 d

Cs3

Figure 3.3 ANN topology to impute the missing values in attribute c;

The same method can be applied to construct the ANN for missing attribute values
imputation in attribute ¢;. For attribute ¢;, complete attributes must be used since the

reduct has the ¢; attribute, i.e. ¢;, ¢; and d are the input and c; is the output.

To train the network, the data set shown in Table 3.8 is used. The data set is split into
training data, validation data and testing data with some split ratio. For example, the split

ratio is usually 60:40, 70:30 or 80:20 between training and validation. It depends on the
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amount of the data. Validation is included in the training process for early stopping
method. ‘After training — testing process, the well trained ANN is ready to impute the
missing values which are shown in Table 3.9. Usually at the start of training process the
validation error is decreasing. In the early stopping method, the stopping condition is

when the validation error starts to increase.

Table 3.9 Example of data set with missing values which will be imputed

xel Cy Cy Cj d
X3 1 ? 0
Xg ? 3 1 1
Xg 2 ? 0 1

Using the ANN topology shown on Figure 3.4, the missing value in atiribute c; can be
imputed with the input of ¢; and 4.

A study on imputation technique using simulation of missing data is carried out to obtain
the effectiveness of ANNRST. All UCI data sets except Switzerland are used in this
study. Referring to the Table 3.1 and Table 3.2 in section 3.3, the atiributes that have real
missing values which are the slope of the peak of ST segment (s/ope), number of major
vessels coloured by fluoroscopy (ca) and exercise thallium scintigraphic defects (thal) are
removed (not used). The objects with most of their attributes have missing values are also

removed. For example, if any object x, has missing value on most of its attributes, then
x, 1s removed from the decision table. After the above preprocessing, the decision table

consists of 597 objects with 10 conditions and single decision. ROSETTA is used for
RST data analysis. Boolean reasoning algorithm shown in equations (3.19 - 3.23) is
applied to discretize the numerical attributes. The decision table of data set then is
reduced by RST using Johnson’s reduct computation [102]. Fasting blood sugar over 120
mg/dl (fbs), resting electrocardiographic results (restecg) and exercise inducing angina
(exang) are arbitrarily chosen as the attribute that has missing values. Ten to 300 missing

values are simulated on fbs attribute.

The ANN topology that is used is an MLP with six inputs (all reduct conditions and
decision), single hidden layer and single output (fbs). The number of hidden layer is

chosen to be logy(7), where T is the number of training samples. In this case the
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maximum missing data is 300. It means 297 samples arc used as training process. The
early stopping method is used with the ratio of training and validation is 80:20, because
the more the number of training samples the better the results of training process with
acceptable number of validation samples. Hence the actual training samples are 238 sets
with 59 sets of validation samples, which are unseen data. 59 sets are more than 30 sets
thus are acceptable in statistical point of view. Then the hidden layer is log(238) = 7.89
~ 8 neurons [103]. Rprop learning method and normalization of inputs value by scaling
the inputs between values of -1 to 1 are applied. The normalized value of x which is y can

be calculated using the formula:

= (yma.x —ynﬂn)(xuxmin)

+ Voin (3.19)
(xmax = xmin

y

where Ymax = 1, Ymin= =1, Xpar is the maximum value of vector X and x,,;, is the minimum
value of input vector X.

Fifty training simulations with different weight initialization are carried on the data set

using Nguyen-Widrow weight initialization [104].
Initialization algorithm based on Nguyen-Widrow is as below:
i.  Let wy(old) = random number between -0.5 and 0.5

ii.  Compute [[wi(old)]| = V(w;{old)’ + wy(old)? + ... + wy(old)?)

iii.  Reinitialize weights :

iv.  Setbias: wy = random number between —~4 and & .

where & = 0.7{[5 with » = number of input neurons and p = number of hidden neurons.

The typical values of parameters are 7~ =0.5, 7 = 1.2 and A = 0.07 [62].
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For comparison, ANN without RST attribute reduction, k-Nearest Neighbour (k-NN) and
Concept Most Common value Filling (CMCF) are applied to the data set for data

imputation.

The algorithm of k-NN is as per flow chart shown in Figure 3.4: take the row that
contains missing value as the target, determine its k-nearest neighbours by computing the
Euclidean distance between incomplete row and complete rows, identify the k closest
distance and impute the missing value in the row that contains missing value by averaging
the cotresponding complete rows of the k closest [28]. In this case k = 1 because Table
3.2 consists of non-numerical values. It is not possible to take the average of non-

numerical values,

incomplete
data set

Take the row that
cantains no
missing value as
the complete data
set

Take the row that
confains missing
values as the
target

y

Calculate

Euclidean
distance between |«

target and
complete data set

/

Identfy the k
closest distance
and impute the
missing values

imputed
data set

Figure 3.4 k-NN imputation
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Most common attribute value filling is the simplest methods to deal with missing attribute
values. The value that occurs most frequent is selected to be the value of the unknown
missing attribute value. CMCF is a restriction of most common attribute value filling by
its concept or decision. In CMCF, the value that occurs most frequent within concept is
selected to be the imputed value. CMCF is also called maximum relative frequency

method or maximum conditional probability method [22].

Referring to Table 3.2, ANN imputation uses ten input attributes (nine from conditions
and one from decision) to impute missing values for example in three attributes, namely

Jbs, restecg and exang attributes (Section 3.1).

The accuracy among different methods is calculated. Maximum accuracy among 50
training-testing simulations of ANN and ANNRST is considered as the accuracy for these
two methods. Average accuracy for 50 training-testing simulations with different weight
initializations using Nguyen-Widrow for ANN and ANNRST is calculated to find the
stability of these two methods. The higher average accuracy means the higher probability

to get the better accuracy.

After applying ANNRST to the simulated missing data, ANNRST is applied to the actual
missing values on slope, ca and thal attributes (Table 3.2) using the same process. At the
first step, ANNRST is used to predict the ten simulated missing values on slope, ca and
thal attributes. Fifty simulations with random initial weight are conducted on each
simulated missing data with Nguyen-Widrow weight initialization, scaling to -1 to 1 as in
(3.24), resilient backpropagation training, and tansig activation function at hidden and
output layer. Secondly, the best accuracy of 50 simulations is chosen to predict the real
missing values on slope, ca and thal attributes. k-NN imputation method and CMCF to
estimate the missing values are also implemented. There are three data sets after missing
data estimation, which are ANNRST, k-NN and CMCF imputed data sets. The process of
imputation using ANNRST is shown in Figure 3.5.
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Figure 3.5 ANNRST imputation process

3.5.2 The evaluation of ANNRST imputation

Accuracy of imputations on simulated missing data in fbs, restecg and exang attributes
(Table 3.2) is used to evaluate ANNRST, ANN, k-NN and CMCF imputations. However,
accuracy can not be used to evaluate the quality of the imputation for the case of real
missing attribute values case because the actual of the missing data is unknown [23]. The
result of the imputation can not be guaranteed as the true values that were missing. In this
work the imputed data set evaluation to measure the performance of the imputation
methods is proposed. The evaluation is conducted by discovering the knowledge from the
imputed data set and then building the classifier based in the discoveried knowledge to
classify the complete data set. The accuracy and coverage of the classifier that is based on
the knowledge of certain imputed data set can be considered as the performance of those
certain imputation method. For example, the accuracy and coverage of classifier based on
imputed data set by ANNRST can be considered as the performance index of ANNRST

imputation method.
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There are two methods to find the classifier accuracy and coverage. First, using 10-fold
cross validation, the accuracy and coverage of all data sets are calculated using different
classifiers, which are RST, decomposition tree, LTF-C (Local Transfer Function
Classifier), and k-NN. Cross validation is a method for evaluation of classifiers. k-fold
cross validation is performed by splitting the data into k sub-samples. One sub-sample is
used as training set and the remaining (k-1) subsamples are treated as testing sets. The
training-testing process is repeated k times with each of k sub-samples used only once as
the testing set. The accuracy is the average of k individual accuracy. 10-fold cross
validation is commonly used and gives good performance [105]. Decomposition is
partitioning a large table into smaller parts. The decomposition scheme of large table into
smaller ones is based on tree template which represents common features. The results will
be binary tree of subtables. This binary tree can be used for classification [57]. LTE-C is
an ANN based classifier, Its topology or architecture is similar to Radial Basis Function
(RBF) or Support Vector Machine (SVM). It has one hidden layer with Gaussian transfer
function that is connected to output layer with linear transfer function. It differs from
RBF and SVM in the training algorithm. More detailed explanation can seen in [56][106].
k-NN classifier is an instance based method classifier. The algorithm is by inducing a
distance measure from the training set. Then for each instance, it assigns a decision based
on the k nearest neighbours of this instance according to distance measurement. Further

explanation can be found in [56].

Second, all the data sets of UCI, except Switzerland, are split into two sets. The first set is
Cleveland data set as the testing data set that has only six missing values and the second
set is imputed data sets (Hungarian and Long Beach) as the training data set. Then,
accuracy and coverage of all three data sets are calculated with the same classifier as the
first method. This second method is to find the quality of imputed data sets according to
original complete data set, which is Cleveland data set. All the accuracy and coverage

calculations are done using the software RSES.

RST based imputation evaluation is also proposed in this work. RST is used to extract the
rules from Hungarian and Long Beach data sets as the training data. The resulting three
training data sets, namely ANNRST, k-NN and CMCF data sets are used for rule
extraction. Using ROSETTA, there will be a lot of extracted rules. Simple filtering

method based on rule support is conducted. This rule filtering method is proposed as an
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evaluator of the imputation performance. The imputation method effects on the classifier
performance on the testing data while rule filtering is applied on these rules are

demonstrated.

Accuracy is a statistical measure of how well a binary classifier correctly classifies the
objects, i.e., the accuracy is the proportion of true positive and true negative results in the
population. In the case of disease, an accuracy of 100% means that the system identifics
all sick and well people correctly. Coverage is a measure of how well a binary classifier
recoghizes the objects. Coverage also represents the generality of a classifier. Both high
accuracy and coverage are requirements of binary classifiers. Michalski introduced a
quality measure of classifier that combines accuracy and coverage. Sensitivity measures
the proportion of positives which are correctly identified. Specificity measures the
proportion of negatives which are correctly identified. If sick is considered as positive, a
sensitivity of 100% means that the system identifies all sick people as sick and a

specificity of 100% means that the system identifies all healthy people as healthy.
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Figure 3.6 An Example of ROC curve
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A Receiver Operating Characteristic (ROC) is a graphical representation of
discrimination. ROC is a graphical plot of the sensitivity versus (1 - specificity) for a
binary classifier system with its discrimination threshold is varied. The Area Under Curve
(AUC) of ROC represents the discrimination capability of the classifiers. To measure the
RST classifier performance during rule filtering, the quality metrics of classifier, which
are accuracy, coverage, sensitivity and specificity, are calculated. AUC of ROC is also
calculated [96]. Michalski rule quality is adopted and modified as a metrics to measure -
the quality of classifier based on the testing data [33]. Example of ROC curve is shown
in Figure 3.7. All the quality calculations are based on confusion matrix as shown in

Table 3.10.

Table 3.10 Confusion Matrix [55]

Predicted
Negative |Positive |Undefined
Negative il FP UN
Actual Positive |FN JUP

TP (true positive): correct prediction on presence of CAD.

TN (true negative): correct prediction on no-presence of CAD.
FP (false positive): wrong prediction on presence of CAD.

FN (false negative): wrong prediction on no-presence of CAD.
UP (undefined positive): unknown presence of CAD case.

UN (undefined negative): unknown no-presence of CAD case.
Accuracy = (TP+TN)/(TP+TN+FP+FN)

Coverage = (TP+TN+FP+FN)/(TP+TN+FP+FN+UN-+UP)
Sensitivity = TP/(TP+FN)

Specificity = TN/(TN+FP)

Michalski quality = i Accuracy + (1-).Coverage, where 0< g <1 [33].

For example, consider Table 3.11 as the rules produced by RST.
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Table 3.11 Example of rules with their support

Rules Support
ifA=Aland B=B2thenY = Y1 80
fA=A2and C=C1thenY=Y2 70
ifB=Bl1andC=C2and D=D1thenY = Y1 60
fC=ClandD=D2and E=E1thenY =Y2 50
ifA=A2andE=E2thenY =Y1 40
if E=E2and F = F1then Y =Y2 30
ifB=B2and F=F2thenY =Y1 20
ifD=Diand F=F1thenY = Y1 10

These rules are assumed to be the result of RST rule generation from imputed data set by
ANNRST. To evaluate the imputation method, rule filtering based on support is applied.
As an example, for support = 10, no rule is removed because there is no rule that has
support less than 10. When support is 60, the RST classifier will only have three rules. In
this work, rule filtering is applied with support start from 1 to #. Every time the filtering
is applied, quality metrics of classifier, which are accuracy, coverage, sensitivity,
specificity, are calculated. The filtering process is stopped when there is no significant
change on the metrics of the classifier. For example, the coverage still high enough with
acceptable accuracy. By plotting the data into graph, the performance of imputation

method can be determined.

3.6 RULE DISCOVERY AND SELECTION

Rules are generated on the basis of computed relative reducts, and constitute one of the
most important results of RST data analysis. These rules will be the “core” of fuzzy
decision support system to diagnose CAD and will give the explanation of the decision

support inference and reasoning.

One of the advantages of RST method for building the classifier is that the system has
transparent knowledge instead of being “black-box™, such as ANN classifier. RST
classifier becomes transparent through the generated rules. However, in practical
application, the generated rules by RST are often too large especially with large amount
of attributes and data. Very large number of rules, hence, is difficult to understand. With
this conditions, RST becomes “black-box”. To face this problem, rule filtering is feasible

to select the high quality rules and removing redundancy as well. A combination of rule
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quality filtering and rule importance measure is discussed in this thesis. A rule selection
scheme based on rule quality based on support with RST rule importance measure is

proposed to make the RST classifier interpretable while maintaining the performance.
3.6.1 Rule discovery by RST

A set of decision rules can be generated from all computed relative reducts. Consider

DS =(U,CuD) as decision table. Referring to section 3.4.3 and using information from

Table 3.3, its relative reducts are {c;}, {cz}, {¢3} and {c;, ¢3}. By considering one of its
relative reducts which is {c;}, the rules can be generated as antecedent consequent form
with their supports as shown in equation (3.10 — 3.13). The other rules can be generated

from the other relative reducts with the same method.

3.6.2 Rule selection based on RST

Iﬁ this section, RST based rule importance measure [64] is modified to select the rules by
converting the rules to decision tables. Support filtering as one of rule quality based
filtering is applied at the first stage of the selection. It is time consuming and high
computation cost to apply only RST based rule selection because the number of attributes
18 very high. Filtering method based on rule support is applied to reduce the number of
rules before applying rule importance measure to select the most importance rules. The
modification is proposed by applying this method to decision system and converting rules
to form decision tables based on testing data instead of training data for rule importance
measurement. This idea is proposed to increase the generalization of the RST classifier.
The classifier learns mainly from training data but also et the testing data contribute to
the learning process through the rule selection. This method originally inspired by ANN
learning scheme that splits the data to three sets namely training, testing% and validation.
The testing data involved in learning process to determine the stopping condition of
training process. The ANN stops the iteration when the Mean Squared Error (MSE) of
testing data starts to increase although the MSE of training data still decreases. Finally the
ANN will be validated using validation data which is not involved in training process to

test the generality. Consider R ={Rule,, Rule, ..., Rule;} as a set of rules generated from

training decision tables. If there are i objects on testing decision table, a new decision

table DS,

iy Can be formed. The value of Rule, attribute of object x,is 1 if Rule, both
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its antecedent and consequent can be applied tox,. The value is 0 if the rule cannot be

applied. The value for column j+I equals decision value. Witha = 1,...,7and b= 1,...,i.
The new decision table then can be reduced using RST reduct concept. The attribute of
the shortest reduct are chosen as the selected rules based on their importance. Selected
rule based classifier performance is calculated using classifier quality metrics such as

accuracy and coverage. Consider Table 3.12 as the table of rules and their support.

Table 3.12 Example of k rules with their support

Rules Support
Rule, 80
Rule, 70
Ruley 3
Rule;_4 2
Rule, 1

Using support filtering with stopping criteria based on accuracy and coverage, the number
of rule will be reduced. If there are / number of removed rules, the number of rules
become j = k — /. The j number of rules then applied to the testing data sct which is the
complete CAD data set to create new decision tables with rules as the attributes as shown

in Table 3.13.

Table 3.13 Decision table with rules as attributes

xel Rules Rule, e Rule;. Rule; d
X3 0 1 e 1 1 1
Xz 0 0 e 0 1 0
X3 1 1 e 1 0 0
Xy 1 1 1 1 1
Xi-2 0 0 0 1 1
Xiq 0 0 1 1 1
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Reduct computation is applied to the Table 3.13 using ROSETTA based on Johnson’s
algorithm. The attributes of the reduct is then the selected rules. The process of rule

selection is shown in Figure 3.7.

Generated
decision
rules

Support filtering by
removing rules that have
support < k

Pre-
selected
decision
rules

Convert the rules to
decision table based on
complete data set

Decision
fables of
rules

Find the shortest reduct

Convaert the rules from the

attributes of the shortest
reduct.

Selectad
Rules

Figure 3.7 Rule selection process
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[)

Various rule filtering schemes are implemented for comparison. The formulae used for

filtering criteria of rules can be seen in Table 3.14.

Table 3.14 Various rule filtering criteria [33]

Filtering Criteria  Formula

Michalski W x accuracy(r) + (1 - u) x coverage(r)

Torgo Michalski with p = 1/2 + (1/4){accuracy(r))

Bradzil accuracy(r).e“ ereeel - 1

Pearson (Nop Pgp =M M) /(A Np. Ny Ng)

Caghen Ul . nep + Ul n

-

op M- 1) (U= Ny g =g . 1)

where o< x4 <1, r is individual rule, & is rule antecedent, 5 is rule consequent, rnqp is the
number of objects that satisfy both « and f3, n4.gis the number of objects that satisfy «
but not £ and |U] is the cardinality of the universe. Accuracy and coverage of the RST
classifier applied to testing and training data sets is calculated and compared with
different filtering criteria. The Michalski, Torgo and Bradzil formulae are empirical, ad-
hoc formulae, but are intuitive and interpretable. Pearson and Cohen are based on

statistics and the theory of contingency table [33].
3.7 FUZZY MODELLING

The types of applications for which fuzzy systems are particularly useful are mainly
difficult cases where traditional techniques do not work well. Medical problem is one of
such difficult problem. Some people consider field of medicine is more an “art” than a
“science” [39]. Fuzzy system approaches also allow us to represent descriptive or
qualitative expression such as “high”, “medium” or “low” instead .:fof quantitative
expression. These qualitative expressions are more natural than mathemé’cical equations

for many decisions making.

Although this RST system with fuzzy inference is a data-driven or evident-based system
with no or minimum involvement of domain expert, verification with domain expert is
necessary. Evaluation and verification from medical expert (cardiologist) are conducted

to validate the results in this work.
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3.7.1 Fuzzy logic

Fuzzy logic is the extension of classical logic with the new concept of “degree of
membership”. The degree of membership represents the possibility of the elements of the
set belong to the set. This membership concept differs from crisp set concept which

allows only the elements as member or not member of the set.

Let X be the universe of discourse. The elements contained in X is defined by x. Consider

A and B to be the sets which contains x. The classical set theory defines:

x € X — x belongs to X
xe B — xbelongsto B

x ¢ A —> x does not belong to 4

The element in the universe of discourse X that belongs to the set A or does not belong to

the set 4 can be represented by the function

1 iff xe A
()= 320
0 iff xg A

Different from classical set theory that classifies the elements of the set into crisp set,
fuzzy set has an ability to classify elements into a continuous set using the concept of
degree of membership. The function that maps the element into the degree of membership
is called membership function. The fuzzy membership function is similar to equation
(3.20) but it gives the continuous values between 0 and I other than discrete values 0 or 1.
According to equation (3.20), in the fuzzy set, it cannot be said that x belongs to 4 or does
not belong to 4, but x belong to 4 with certain degree of membership between 0 and 1.

For example, consider resting heart rate. Classical set theory can only classify the heart
rate as low and high (i.e., either 0 or 1). It cannot interpret the heart rate between 60 and

80 beats per minute. The function that represents this classical set theory is:

1 iff x=70 beats per min
s (%) = (3.21)
0 iff x <70 beats per min
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The boundary 70 beats per minute is taken because classical logic cannot interpret
intermediate values. On the other hand, fuzzy logic can solve this problem using

membership function concept as given by:

1 if x280 beats per min
x—60 . .
High (x)= 20 if 60< x<80 beats per min (3.22)
0 if x<60 beats per min

This membership function shown in equation (3.22) can be represented as a graph as
shown in Figure 3.8. The degree of lowness is the complement of the degree of highness

of the heart rate.

Degree of highness

_____ Degree of lowness

Degree of membership
M
o
[$)]

0 20 40 60 80 100

Heart rate (beats per minute)

Figure 3.8 Membership function for the degree of highness and degree of lowness of the heart rate

The common method for fuzzy representation is
A={x,u,(x)} xe X (3.23)

where x is an element in X and g, (x) is the membership function of set 4 which defines
the membership of fuzzy set in the universe of discourse X. The term {x, z (x)} is the

singleton pair. For the case of heart beat, the fuzzy set can be represented as

high = {(60, 0), (65, 0.25), (70, 0.5), (75, 0.75), (80, 1)}.
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In the above fuzzy set second element of the set high denotes that the heart rate 65 beats
per minute belongs to the set high by 0.25. On the other hand using the graph of Figure
3.8, the second element of the set high is also belongs to the set low by 0.75.

There is an alternative method to represent the singleton function in general as in (3.24)

A=) p,(x)/x, (3.24)

e X

The representation of (3.24) is for the discrete universe of discourse. For the continuous

membership functions, the fuzzy set representation is given by:

A= j 1, (x)/ x, (3.25)
Like classical logic, fuzzy logic also has logic operators. Some important operators are
union (disjunction), intersection (conjunction} and complement.

The union is the maximum degree of membership of sets 4 and B.

Haos (x) =H, (x)v Hp (x) = max(i,, (x), Hy (x)) (3.26)

The intersection is the minimum degree of membership of sets 4 and B.

Harp (x) = Hy (x) Aty (x) = min(x, (x), Hg (x)) (3.27)

The complement of the membership of set 4 18

#,(x)=1-p1,(x) (3.28)

3.7.2 Fuzzification techniques

Fuzzification is the process of changing the crisp value into fuzzy value by creating fuzzy
membership function. This process can be achieved with different types of fuzzifiers.
There are many types of fuzzifiers, but in this research only triangular and trapezoidal

fuzzifier will be used. Triangular and trapezoidal fuzzifiers that make triangular and
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trapezoidal membership function are the simplest and the most common possible models
of value of membership as they are fully defined by only three and four parameter
respectively. The linear change in the membership value is the simplest possible model

people can think of.

Fuzzification of a real-valued variable is done by using combination of intuition,
experience and analysis of the set of rules and conditions associated with the input data

variables. There are no fixed procedures for the fuzzification process.
Triangular membership function is described in the form:
0, ifx<a

a .
I P zfxe[a,m)
My (x,a,m,b) =1 b— (3.29)

The graphical representation of equation (3.29) is shown in Figure 3.9.

Ha(X) A

1_

o3 m
T
WK =

Figure 3.9 Triangular membership function

This membership function can be represented in more concise form as:

M (x,a,m,b) = max{min{{x — a}/(m - a),(b—x)/(b—m)],0} (3.30)
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Trapezoidal membership function is described in the form:

¢

0,ifx<a
== if xea,m)
m-da
JuA(xsa5msn!b)=< la !TXE[m,T’I) (331)
07X i xe(nb)
b—n
0,if x>b

This membership function can be represented in more concise form as:
i, (x,a,m,n,b) = max{minf(x — a)/(m—a),l,(b—x) /(b — n)],0} (3.32)

The graphical representation of equation (3.31) is shown in Figure 3.10.
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Figure 3.10 Trapezoidal membership function

3.7.3 Fuzzy rules and inference engine
A fuzzy proposition can be an atomic or compound sentence. For example
“Heart rate is high” is an atomic fuzzy proposition,

“Heart rate is high and blood pressure is low” is a compound fuzzy proposition.
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- Compound fuzzy relations are expressed with fuzzy connectives or operators such as
AND (conjunction), OR (disjunction) and NOT (complement). These fuzzy logical

connectives are similar to the set operators in the fuzzy set theory.,
The fuzzy rules are written as:
- IF <fuzzy proposition> THEN <fuzzy proposition>
- The fuzzy proposition can be atomic or compound sentence.

The IF-THEN rules can be interpreted in classical logic theory by the implication
operators, Suppose there is a statement such as “IF @ THEN 47, this statement can be

represented in classical logicasa = b .

The implication operator can also be written as

avbh or (anb)va (3.33)

The above equivalence can easily be shown with the truth table of Table 3.15.

Table 3.15 Truth table of implication

a=b
a b or

avhb
F F T
F T T
T F F
T T T

Fuzzy logic rule which is IF <fuzzy proposition> THEN <fuzzy proposition> can be
represented as a = b, where ¢ and & are fuzzy variables. The first fuzzy proposition is

rule antecedent and the second is rule consequent.

Fuzzy implication can be replaced by using fuzzy operator such as union (OR),
intersection (AND) and fuzzy complement (NOT). This fuzzy implication is called fuzzy
inference method. There are many fuzzy inference methods. Fuzzy logic version of

proposition (3.33) is given by:
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luA=>B ()C, y) = max[l - tuA (JC), 4uB (y)] ar

. (3.34)
;uA=>B (x7 y) = max{mln{/.lA (x)$ﬂ3 (y)} ,1 - nuA ()C)] Vxe X: vy et
The most common and widely used fuzzy implication is given in (3.35) [107]:
Himp (5, ¥) = min[ 12, (x), 1, ()], Vxe X,Vye ¥ (335)

Fuzzy rules and implication make a fuzzy inference system.

The system can be explained by example below:

Let heart beat and blood sugar be fuzzy variables. Let the rules be:

“IF the heart rate is high or heart rate is low THEN heart problem is yes”

The first fuzzy proposition or antecedent is “the heart rate is high or heart rate is low™.
The second proposition or consequent is “heart problem is yes”. The linguistic values of
heart rate are high and low. The membership function for heart rate is given by Figure
3.8. Equation (3.28) represents highness membership function for heart rate. The lowness

membership function of heart rate is:

1 if x <60 beats per min

80—x
20
0 if x>80 beats per min

Lo (x)= if 60<x<80 beats per min (3.36)

The heart problem variable can have the value of yes or no. It is normalized in the range
of 0 and I, which indicates the severity of heart problem. The 0 condition Tepresent the

healthiest people and the 1 condition represents the most suffered people of heart disease.




The membership function is given as:

0 if x<025
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I, ()= x‘(}();S if 025<x<0.75 (3.37)
1 if x20.75
and
I if x<025
5~
1 () =127% i 095<x<0.75 (3.38)
0 if x>0.75
These functions can be plotted as shown in Figure 3.11.
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Figure 3.11 Membership function for the degree of yes and no of the heart problem

The Mamdani implication can be applied using the procedures as follows [107] :

1. The OR connective is replaced with the max operator.

2. The maximum of two membership functions in the antecedent part of fuzzy rules is

evaluated.
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3. The Mamdani implication which is min operator is applied between the result of

antecedent membership function and consequent membership function.

High

0.25

Degree of membership
H(x)
o
(%]

} } } } { -
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Heart rate {beats per minute})

()

Low

0.75

Degree of membership
H(x)
o
(4]

0 20 40 60 65 80 100

Y

Heart rate (beats per minute)

(b)

Figure 3.12 Application of or (max) operator for the given rule of (a) high membership function (b)

low membership function

Figure 3.12 is an example when the heart rate is 65 beats per minute.
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The membership function is:

#hearr-mfe (65) = aulow (65) ¥ luhl'gh (65) = ma‘x[ﬂir)w (65)’ duhigh (65)]

= max (65 - 60),[ = 65) = max[0.25,0.75] = 0.75
20 20

The Mamdani implication operator (min) can be applied to the rule antecedent and the
rule consequent which is heart problem possibility. The membership function using

equation (3.41) of the implication heart-rate = heart problem is:

ﬂhearr—-mfe:-hearf-pmblem (65’ ¥ ) = ﬂhearr—ra!e (65 ) A ﬂhenrt— problem (y )
= min[ﬂheaﬂ—rare (65)’ ﬂhearl-problem (y)] = mm[075’ tuhearr—pmblem (y)]

This result can be plotted as follows in Figure 3.13.
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Figure 3.13 Membership function of heart problem based in Mamdani implication.

The grey area is the result of Mamdani implication.

In many cases, it is necessary to convert the fuzzy value to crisp value. The process of
converting the fuzzy value into crisp value is called defuzzification. One of the most
common defuzzification methods is centroid or centre of gravity defuzzification. If the

fuzzy rules are more than one then aggregation of each fuzzy rules antecedent
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membership function is necessary. The aggregation method usually uses fuzzy union or

max operator.

Hioa =3 (14 (0) = GV 15 () V..V (%) (3:39)
where 7 is the number of fuzzy rules.

The centroid defuzzification technique is expressed as:

. Juxax
X =— (3.40)
[u(x)ax
The discrete version of centroid defuzzification is:
DX H(x;)
= (3.41)
> u(x))

Jj=!
The centroid fuzzification is illustrated as follows in Figure 3.14.
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Figure 3.14 Centroid defuzzification
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3.74 Fuzzy decision support system development

Fuzzy system has been proven to be powerful to many application arcas. Fuzzy system
has the ability to handle imprecise knowledge by means of fuzzy linguistic terms. The
main disadvantage of fuzzy system is the difficulty in preparing the knowledge. Fuzzy
system can not learn from the data directly. The need of human experts is obvious in the
development of fuzzy system. The involving of human expert makes the fuzzy system
subjective. For example, determining the membership functions will need a domain

expert,

RST can learn directly from the data. This is the advantage of RST system. The system
will be objective because it does not need a domain expert during the development. One
of the drawbacks of RST is that the generated rules are crisp instead of fuzzy. Combining
RST and fuzzy system will make the system powerful. The system will be objective and
be able to handle the imprecise knowledge and fuzziness. The selected generated RST
rules are crisp. Fuzzification must be applied to these crisp rules. The fuzzy membership

functions are in the form of triangular and trapezoid shapes as shown in Figure 3.15.

A LOW MEDIUM HIGH

05 1

Y

0i-¢ 8, (0;+0)2 6, 6.+c
c=(8, - 92)/2

Figure 3.15 Membership function of attribute age

All numerical conditions are fuzzified based on the value of discretization “cuts”. As an
example, the numerical attribute age is discretized using Boolean reasoning into three

discrete values which are [*, 0)), [0,, 0;) and [0,, ¥} meaning “less than 6,”, “greater than

or equal ©; and less than 0, “ and * equal or more than 8, * respectively. Therefore the
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“cuts” are 0) and 0,. Two trapezoidal and single triangular membership functions of

attribute age which are LOW, MEDIUM and HIGH can be generated.

For the attribute that has only two values, the membership function can be made as shown

in Figure 3.16.

LOW HIGH

0.5

| .
0-¢ 0 O+c

Figure 3.16 Membership function of attribute thalach

In this case, ¢ is determined intuitively. As an example, the numerical attribute thalach is
discretized using Boolean reasoning into three discrete values which are [*, 8) and [9, *)
meaning “less than 6” and “ equal or more than 6 “ respectively. Therefore the “‘cuts” are
0. Two trapezoidal and single triangular membership functions of attribute age which are
LOW and HIGH can be generated. The nominal attributes can ha:we the fuzzy
membership function. Crisp value is the fuzzy value with the degree of membership
function is 1 with no overlapping between the membership functions. For simplification,
no optimization is applied to the fuzzy membership functions. Fuzzy weighing method is
introduced here based on selected RST rules support of training data. If the nth crisp rule
has support sp(r) with i number of rules, then the corresponding fuzzy rule ;veight is:

_ sp(n) ' (3.42)
max(sp(1),...,sp(i))

and i is the total number of rules.
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Consider Table 3.16 for an illustration of fuzzification of crisp rules for medical data in

Table 3.2. The rules are crisp.

Table 3.16 Example of crisp rules

1 oldpeak([0.3, *)) AND slope(2) AND thal(7) => num(1)

2 fbs(0) AND thalach([133, *)) AND slope(1) AND ca ([*, 1)) AND thal(3) => num(0)

3 fbs(0) AND ca ([1, *)) AND thal(7) => num(1)

4 sex(1) AND fbs(0) AND thalach([133, *)) AND exang(0) AND ca ([*, 1)) AND thal(3) => num(0)

5 sex(1) AND fbs(0) AND restecg(0) AND oldpuligo.s. *)) AND thal(7) => num(1)

After fuzzification, the fuzzy rules generated are shown in Table 3.17.

Table 3.17 Example of fuzzy rules

1 IF oldpeak is high AND slope is flat AND thal is reversable defect THEN CAD is yes
2 |IF fbs is low AND thalach is high AND slope is upsloping AND ca is low AND thal is normal THEN CAD is no
3 IF fbs is low AND ca is high AND thal is reversable defect THEN CAD is yes

4 IF sex is male AND fbs is low AND thalach is high AND exang is no AND ca is low AND thal is normal THEN CAD is no

5 IF sex is male AND fbs is low AND restecg is normal AND oldpeak is blgh AND thal is reversable defect THEN CAD is yes

Operator Fuzzy
" Application Rules

l

Output : o —
datosineation ~4———  Aggregation -——— Fuzzy Implication <¢——— Rule weighing

Input Fuzzification

y

Figure 3.17 Fuzzy inference flowchart
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The Mamdani inference engine is used for the inference process. Centroid defuzzification
is chosen to get the numerical output of CAD diagnosis. For AND operator and
implication, min function is used. The function of sum is used for aggregation. MATLAB
Fuzzy Logic Toolbox is used in the development. The process of fuzzy inferencing steps

shown in Figure 3.17 can be explained as follows:

Step 1

Input fuzzification. The first step is to take the inputs and determine the degree to which
they belong to each of the appropriate fuzzy sets via membership functions. The input is
always a crisp numerical value limited to the universe of discourse of the input variable
and the output is a fuzzy degree of membership in the qualifying linguistic set (always the
interval between 0 and 1). Nominal values which are crisp also can be mapped to their
respective membership function with membership degree is 1. When there are missing

attribute values, all the respective membership function will take the maximum values.
Step 2

Fuzzy operator application. Once the inputs have been fuzzified, the degree to which each
part of the antecedent has been satisfied for each rule is known. If the antecedent of a
given rule has more than one part, the fuzzy operator is applied to obtain one number that
represents the result of the antecedent for that rule. This number will then be applied to
the output function. The input to the fuzzy operator is two or more membership values
from fuzzified input variables. In this work, the rules only have AND operator which is

min operator because there is no OR operator in the extracted rules.
Step 3

Implication method. Before applying the implication method, rule's weight must be
considered. Every rule has a weight defined in Equation (3.47), which is applied to the
number given by the antecedent. Once proper weighting has been assigned to each rule,
the implication method is implemented. A consequent is a fuzzy set represented by a
membership function, which weights appropriately the linguistic characteristics that are
attributed to it. The consequence is reshaped using a function associated with the
antecedent (a single number). The input for the implication process is a single number
given by the antecedent, and the output is a fuzzy set. Implication is implemented for

each rule. The function of min is applied in this work.
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Step 4

Output aggregation. Since decisions are based on the testing of all of the rules in a fuzzy
inference system, the rules must be combined in some manner in order to make a
decision. Aggregation is the process by which the fuzzy sets that represent the outputs of
each rule are combined into a single fuzzy set. Aggregation only occurs once for each
output variable, just prior to the fifth and final step, defuzzification. The input of the
aggregation process is the list of truncated output functions returned by the implication
process for each rule. The output of the aggregation process is one fuzzy set for each
output variable. It may be noticed that as long as the aggregation method is commutative
(which it always should be), then the order in which the rules are executed is unimportant.
The function of max or sum (simply the sum of each rule's output set) is used in this

work.
Step 5

Output defuzzification. The input for the defuzzification process is a fuzzy set (the
aggregate output fuzzy set) and the output is a single number. As much as fuzziness helps
the rule evaluation during the intermediate steps, the final desired output for cach variable
is generally a single number. However, the aggregate of a fuzzy set encompasses a range
of output values, and so must be defuzzified in order to resolve a single output value from
the set. The most popular defuzzification method which is the centroid calculation is used
in this work. This method returns the centre of area under the curve. The diagnosis result
of CAD is taken from the output. If the output is equal or more than 0.5, then it is
considered as CAD. If the output is less than 0.5, then it is not CAD. The numerical value

can be considered as the percentage of blocking or possibility of CAD.

The example of inference process of Figure 3.17 for the medical data set is shown in

Figure 3.18.

3.7.5 Evaluation of fuzzy decision support system

Fuzzy decision support system (FDSS) undergoes two phases of evaluation. The first
phase is evaluation using data mining and knowledge discovery. In this evaluation FDSS
is compared to other data mining and knowledge discovery model. Four models of the
classifiers are MLP-ANN, k-NN, C4.5 and RIPPER. The WEKA software is used to
model these classifiers [108].
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MLP-ANN is the widely used classifier. The topology is 24 input nodes, 13 hidden nodes
and 2 output nodes (Section 3.4). Basic back-propagation learning algorithm (4.6) with
learning rate 0.3 and momentum 0.2 is used which is the default value of WEKA. This
method usually gives high accuracy but it has lack of knowledge transparency and

interpretability. The evaluation process using MLP-ANN is shown in Figure 3.19.

Training
data
(imputed
data set)

Y

. [nitial
Backpropagation MLP
training
topology
h J
Trained
MLP
Topology
Y
Accuracy,
Sengitivity, Testing
Specificity data sets
Calculation
Y
Results

Figure 3.19 Evaluation process of MLP-ANN using four UCI data sets

k-NN is based on the similarity with the training data and it is instance-based learning
that generates classification predictions using only specific instances or objects. It uses
normalized Buclidean distance to find the training object which is closest to the applied
test object, and estimates the same decision as this training object. If multiple objects
have the same Euclidean (smallest) distance to the test object, only the first one found is
used. The model uses only one neighbour (k=1) [108]{109]. The distance between an

instance x; with the attribute values of a,(x,),a,(x,),...,a,(x,) (where k is the number of
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attributes) and an instance x; with the attributes values of a,(x,),a,(x,),...,a,(x,)is

defined as:

\/(al (xl )- q (xz))2 + (az (x1)_ a, (xz ))2 +..t(a(x) - a, (xz) (3.43)

The process of classification and its performance of four UCI data sets are illustrated in

Figure 3.20.
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Figure 3.20 The evaluation process of k-NN using four UCT data sets
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Usually, normalization of input values to the range between 0 and 1 is carried out before
performing Euclidean distance calculation. This method is lack of interpretability and it
needs high computation resources when the training data set is large because every single

classification will perform the k-NN training from the training set.

C4.5 1s a classifier based on Induction Decision Tree (ID3) with some extension [110].
C4.5 builds decision trees from a set of training data based on information entropy
concept. The training data is a set of already classified objects. The training data is
augmented with the decision attribute and becomes decision table that has condition
attributes and decision. The aim is to choose the attributes that contribute best for
classifying the objects into certain categories of decision. The information entropy is used
to measure the contribution of these attributes. Every attribute’s entropy is measured then
the best one, which has highest information gain, is chosen. This first chosen attribute is
the root of the tree. For the levels following the root of the tree, the same procedure is
repeated recursively for the further classification of the data. If there are N decision
classes, proportion of instances with classification 7 is denoted by p; for /=1 ... N and p; is
the value of the number of occurrence of class i divided by the total number of instances.

The information entropy of variable X is defined as

N

E(X)=-) p,log,(p,) (3.44)

i=1

Suppose § is a candidate split that partitions training data T into several subsets

1,T,,...,T, . The new entropy can be calculated using

E(T)= Y P H,(T) (3.45)

=1

where P; represents the proportion of object record in subset ;. Then information gain can

be defined as
Gain(S) = E(T)Y - E;(T) (3.46)

C4.5 uses the biggest information gain to choose the optimal split in each decision node.
The basic algorithm of C4.5 can be illustrated in Figure 3.21. As an extension of ID3

which can not handle continuous value, C4.5 can handle continuous attribute by using
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threshold that categorize into two classes which are less than threshold and more than
threshold. C4.5 is able to operate with the data which has missing value by marking it as
“?” and then ignored during the calculation of gain and entropy [43]. C4.5 is decision tree

based classifier which is less interpretable than rule based classifier.
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Figure 3.21 The evaluation process of C4.5 using four UCI data sets
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RIPPER (Repeated Incremental Pruning to Produce Error Reduction) is classifier based
on rule generation. It starts from empty rule set. For every class of the decision, rule
generation is applied by starting from the less prevalent one to the more frequent one. The
rule generation algorithm is by growing one rule through the adding of antecedents to the
rule until the rule is perfect (i.e. 100% accurate). The procedure tries every possible value
of each attribute and selects the condition with highest information gain. After this rule
generation, the algorithm incrementally prunes each rule and allows the pruning of any
final sequences of the antecedents. This process of rule growing and pruning is controlled
by the description length and error rate. RIPPER is greedy algorithm which needs high
computing resources. Figure 3.22 show the evaluation process using RIPPER algorithm.
The stopping condition of the growing-pruning process are (a) there are no more
uncovered examples or (b) the description length (DL} of rule set and examples is 64 bits
greater than the smallest DI found so far, or (c) the error rate exceeds 50%. At the
optimization stage, for every rule, again the training data set is split into growing set and
pruning set, but all the instances of pruning set that are covered by another rules arc
removed. Growing-pruning process is applied to the new generated rule set and the

previous rule set that added greedily with antecedents [108][111].

C4.5 and RIPPER can be considered similar method to the RST, but C4.5 and RIPPER
are based on information entropy and RST is based on discernibility relation that is based
on classification of the data. MLP-ANN and k-NN are the effective classifier but they do

not produce rules,

FDSS developed here and the other classifiers are applied on all four sources of UCI
CAD data sets and 22 samples from Ipoh Specialist Hospital. Accuracy, sensitivity and

specificity are calculated and compared.

The second phase of FDSS evaluation is the verification and the validation of the results
obtained in the first phase by cardiologists. Thirty samples taken randomly from each
source of UCI CAD data sets and 22 samples taken from Ipoh Specialist Hospital are
diagnosed by FDSS and verified by three cardiologists. The accuracy, sensitivity and

specificity are also calculated and compared.
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3.8 SUMMARY

A new method for development of FDSS for the diagnosis of coronary heart disease has
been presented. The model developed uses coronary artery disease data sets from UCI
database repository and data collected in local hospital (Ipoh Specialist Hospital). All of
four sources have been used in the development of FDSS. The development of FDSS
started from new missing data imputation by using the hybrid MLP-ANN and RST
namely ANNRST. RST is used as a feature selection of the ANN input. ANNRST is
applied to impute simulated missing values of UCI data sets. The accuracy among
different methods which are ANN, CMCF, k-NN and ANNRST is calculated. Maximum
accuracy among 50 training-testing simulations of ANN and ANNRST is considered as
the accuracy for these two methods, Average accuracy for 50 training-testing simulations
with different weight initializations using Nguyen-Widrow for ANN and ANNRST is
calculated to find the stability of these two methods. The higher average accuracy means
the higher probability to get the better accuracy. The new evaluation method by applying
ANNRST to impute real missing values is introduced. The evaluation is conducted by
discovering the knowledge from the imputed data set and then building the classifier
based in the discovered knowledge to classify the complete data set. The accuracy and
coverage of the classifier that is based on the knowledge of certain imputed data set can
be considered as the performance of those certain imputation method. The performance of
discovering rules by RST during rule filtering is also introduced as the new evaluation of
the imputation methods. The next stage is rule generation based on RST. The new rule
filtering scheme which combines rule quality and rule importance is proposed. The rule
importance selection is based on RST. The filtered or selected rules are used as fuzzy
rules to develop the decision support system. The simple fuzzification scheme and the
new proposed rule weighing based on the support of rules are introduced to build the
fuzzy inference engine of FDSS. Using the fuzzy inference engine, the results of
diagnosis will indicate the percentage of coronary artery blocking and possibility level of
CAD. Finally the FDSS is evaluated using data mining techniques and verified by three

cardiologists.
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CHAPTER 4: RESULTS AND DISCUSSION

41 INTRODUCTION

As mentioned in the methodology, the aim of this research is to develop an evidence
based decision support system for the diagnosis of coronary artery disease that learns
directly from raw data. The system must be able to handle incomplete and continuous
data with high accuracy at acceptable coverage and interpretable or transparent
knowledge. The first problem that must be solved is incompleteness of the training data
which imputation is needed. The second problem is managing too many generated rules.

The last problem is building the fuzzy decision support system,

4.2 MISSING DATA IMPUTATION

One of the important steps of knowledge discovery task is data preprocessing. Missing
data imputation is part of data preprocessing step. The quality of knowledge discovery,
which is rule extraction, can be degraded when the data consists of many missing values.
Therefore, imputation method has significant impact to the quality of knowledge
discovery. A large number of high quality complete data sets are not always available. It
is very difficult to get both large number and complete data sets. The knowledge
discovery must be able to handle incomplete and very limited number of data sets using

imputation of missing attribute values. The data sets explained in section 3.3 are used.
4.2.1 ANNRST data imputation for simulated missing data

Most of the researchers used Cleveland data set that consists of 303 patients because it
contains only six patients that have incomplete attribute values. To justify how strong the
proposed imputation method, more data is needed. All the UCI-CAD data sets, except
Cleveland, have severe incompleteness. These data sets still can be used by selecting only
the complete attributes to verify the quality of proposed imputation methods. Most of the
values of the attributes namely the slope of the peak of ST segment (slope), number of

major vessels coloured by fluoroscopy (ca), and exercise thallium scintigraphic defects
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(thal) in the Hungarian and Long Beach data sets are missing. Hence they are not used in
this ANNRST model verification. All the objects of Switzerland data set are not used due

to severe incompleteness.

After preprocessing by removing the objects having too many missing values on their
attributes and removing the slope of the peak of ST segment (slope), number of major
vessels coloured by fluoroscopy (ca), and exercise thallium scintigraphic defects (thal),
the CAD decision table consists of 597 objects with 10 attributes and single decision as
shown in Table 4.1. ROSETTA is used for RST data analysis. Boolean reasoning based
discretization algorithm as shown in equations (3.14 — 3.18) is applied to discretize the

numerical attributes.

Table 4.1 Data set in the form of decision table

1 63 1 1 145 233 1 2 150 0 23 0
2 37 1 3 130 250 0 0 187 0 3.5 0
3 41 0 2 130 204 0 2 172 0 14 0
4 56 1 2 120 236 0 0 178 0 0.8 0
5 57 0 4 120 354 0 0 163 1 0.6 0
6 o7 1 4 140 192 0 0 148 0 0.4 0
7 56 0 2 140 294 0 2 153 0 1.3 0
8 44 1 2 120 263 0 0 173 0 0 0
9 52 1 3 172 199 1 0 162 0 0.5 0
10 57 1 3 150 168 0 0 174 0 1.6 0
hg8 | 61 1 3 120 337 0 0 88 1 0 1
589 | 58 1 3 150 219 0 1 118 1 0 i
580 74 1 4 155 310 0 0 112 1 1.5 1
51 62 1 4 160 254 1 1 108 1 3 1
5921 53 1 4 144 300 1 1 128 1 1.5 1
503 | 62 1 4 158 170 0 1 138 1 0 1
504 | 46 1 4 134 310 0 0 126 0 0 1
595 | 55 1 4 122 223 1 1 100 0 0 1
596 | 62 1 2 120 254 0 2 93 1 0 1
597 | 83 1 4 140 260 0 1 112 1 3 1




104

The decision table of data set is then reduced by RST using Johnson’s computation of

equation (3.8) with the processing steps as follows:

Let B represent the reduct. U denotes the set of all sets corresponding to the function f
as shown in equation (3.8) and w(S) denotes a weight for set S in U that is automatically

computed from the data [55].

. LetB=(

ii.  Let ¢ denotes the variable that maximizes 3" w(s), where the sum is taken

over all sets S in U that contain ¢.
iii. AddctoB.
iv.  Remove all sets S from U that contain c.

v. If§= return B. Otherwise, go to step ii.

Because the above algorithm finds the reduct that starts from empty set, then the result
will be the shortest reduct without calculating all possible reducts. Johnson’s computation
of reduct using ROSETTA results in reduct that has five attributes, which are {age,
trestbps, chol, thalach, oldpeak).

Fasting blood sugar over 120 mg/dl (fbs), resting electrocardiographic results (restecg),
and exercise inducing angina (exang) are arbitrarily chosen as the atiributes that have
missing values. Ten to 300 missing values are simulated in the table on fbs, restecg, and
exang atiributes. For comparison, ANN without RST attribute reduction, k-Nearest
Neighbour (k-NN), and Concept Most Common value Filling (CMCF) are applied to the

data set for data imputation,

ANN and ANNRST do not always give the best accuracy for every training process.
Many training-testing simulations need to be conducted to find the best accuracy. 50
training-testing  simulations with Nguyen-Widrow weight initialization are chosen
(Section 3.6.1), because more than 30 samples are enough to give normal distribution in
statistical point of view. The best accuracy of 50 training-testing simulatkons is called
maximum accuracy. The average of 50 training-testing simulations accﬁtacy is called

average accuracy. Hence the term of average accuracy is found only 1n ANN and
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ANNRST. CMCF and k-NN do not have average accuracy. They only have the accuracy

which is called maximum accuracy in this work.

The accuracy among different methods is calculated. Average accuracy for 50 training-
testing simulations with different weight initializations using Nguyen-Widrow for ANN
and ANNRST is calculated to find the stability of these two methods. The higher average
accuracy means the model (ANN or ANNRST) has the higher probability to have better

accuracy.

Performance of ANNRST, ANN, k-NN and CMCF on simulated data sets for attributes
Jbs, exang and restecg are shown in Figure 4.1 to Figure 4.6. It can be seen from Table
4.3 to Table 4.5 and Figure 4.1 to Figure 4.3 that the accuracy of ANNRST is comparable
with that of the ANN and CMCF and better than that of the k-NN.
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Figure 4.1 Comparison of maximum accuracy among imputation methods for attribute fbs.




106

8L¢ |S8°0|v8°0(¥80}e8°0|€8°0 280 (780|180 |08°0 |08 0|62 0220808082022 00L 0|00 |20 o0 |ssa]eso|es0|esalzroler 00000520 080 JOND
00 j8L0|8L0|8L°0(LL°0|LL0(92°0|SL0|ELa]sL0|cs0ter0]|es0|690|690|690]|L00] 900 ev0|eso{ra0|reolzonleso|raolzen]senleso]ze0]se0ioso NN
6L°0 |SB'OPR0|YeQ(ER'0Ea'C{E8'0 1280180 118'0]08' 0|60 6L 0[6L0(620)620[220020f22 080022 0|s20fer0les0lerolzzolorofssolerolosoloso LSEUNNV
0B'0 SE0:8°0[bE0}ER0(eR0]eg0|ee0|2e0|1e'0 o8 c|oe0|6L0|64 0|62 0620|820 t.w_ LLOIBLGNLLC LLO [FA D S0 1940|520 | #20|S4°D|08°0 |08°0 {0670 NNY

sqf amqrnye 1oy spopaum vopendwr Suows Lrvandde wnmxew Jo uosriedmo)) 7'y 9qE ]

Aoeinooy winwixey




107

From Figure 4.1 and Table 4.2, it can be seen that the average accuracy of ANNRST is
somewhat less than the average accuracy of ANN. The maximum accuracy of ANNRST

is 0.9 for 10 missing data, which is the same as ANN.

CMCF has average accuracy close to ANNRST but the individual accuracy for each
number of missing data is always less than or equal that of the ANNRST. The imputation
ability of CMCF depends on the nature of data. Attributes Sbs can only have binary
values. In this case CMCF performs well. CMCF has good accuracy because the common
value of complete data set is the same as the common value of incomplete data set. The

accuracy of k-NN is less than the others.
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Figure 4.2 Comparison of maximum accuracy among imputation methods for attribute exang.

Figure 4.2 shows the similar result as the result in Figure 4.1. ANNRST accuracy is also
somewhat less than ANN. CMCF has similar performance compared to ANN and
ANNRST but it has less accuracy. k-NN accuracy is also less than the others.
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Table 4.3 shows that ANNRST has comparable performance compared to ANN. This
table also shows that CMCF has average accuracy somewhat less than ANNRST. This
result is similar to the imputation of the attribute fbs. k-NN average accuracy is the worst

among the others.

Maximum Accuracy
0.65 -
4
0.55 A TR gt e
g % xR =R %
§ \x A o B S
< 0.45 /
§ X
E
% 0.35 1
= X XK=y —X—%
—a— kNN
0.25 1 —x— CMCF
J —— ANN
—=— ANNRST
0.15 T T T T T
10 60 110 160 210 260
Missing Data

Figure 4.3 Comparison of imputation accuracy among methods for attribute restecg.

Figure 4.3 shows the similar result to Figure 4.2 except for CMCEF, it decreases extremely
in the case of 260 missing data. It may happen because the common value in the complete

data set is different from the common value in the incomplete data set when the missing
data is 260. This is the drawback of CMCF.

The accuracy of all imputation methods in the attribute restecg is worse than that in the
previous attributes (fbs and exang). This is because of the attribute restecg can have three

nominal values, where fbs and exang only have binary value.
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The performance of ANN and ANNRST during the learning process with different weight
initialization is shown in Table 4.5 to Table 4.7 and Figure 4.4 to Figure 4.6. These tables
and figures show only ANN and ANNRST and do not show k-NN and CMCF, which are
non iterative method means k-NN and CMCF, always give the constant results for the
same number of missing values. The average accuracy of ANNRST on 50 simulations
running with different weight initialization as shown in Table 4.5 to Table 4.7 and Figure
4.4 to Figure 4.6 is slightly better than that of the ANN. It means that ANNRST is more

stable than ANN to achieve better imputation accuracy.

Average Accuracy

0.69 - —— ANN
—=— ANNRST

10 60 110 160 210 260
Missing Data

—

Figure 4.4 Comparison of average accuracy among ANN and ANNRST methods for attribute Jbs.

Figure 4.4 shows that ANNRST has slightly better average accuracy than ANN. The
resulting graph is quite similar between ANN and ANNRST.
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In Table 4.5, the average of average accuracy of ANNRST is better than ANN. ANNRST

average accuracy outperforms ANN for almost of the number of missing data.

Average Accuracy

0.85

o
®

o
~
2]

o
55

Average Accuracy

0.5+ T r T T -
10 60 110 160 210 260

Missing Data

Figure 4.5 Comparison of average accuracy among ANN and ANNRST methods for attribute exang

Average Accuracy

0.5
0.45 4

O L e & n
gl il o

Average Accuracy
=4
o

0.1 4 ——ANN
0.05 - —a— ANNRST

10 60 110 160 210 260
Missing Data

Figure 4.6 Comparison of imputation average accuracy among methods for attribute restecg
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The average accuracy of imputation of 10 to 300 missing data for aitributes fbs, exang
and restecg are 70.73 % and 70.39% for ANN and ANNRST respectively as shown in
Table 4.8. For average accuracy, the averages are 63.70% and 64.22% for ANN and
ANNRST respectively as shown in Table 4.9.

Table 4.8 Average of maximum accuracy of ANNRST and ANN

fbs 78.86% 79.51%
exang 81.21% 82.05%
restecy 51.10% 50.64%
Average= 70.39% 70.73%

Table 4.9 Average of average accuracy of ANNRST and ANN

\J

(w il
fbs 77.11% 76.80%
exang 76.05% 75.98%
restecg 39.49% 38.32%
Average= 64.22% 63.70%

Average of average accuracy is counted by calculating the average of the mean of 50
simulation accuracies on 10-300 missing values. From the Table 4.8 and Table 4.9,
ANNRST can be considered similar to ANN in performance but it has simpler topology
and smaller number of input. Smaller input attribute will make ANNRST more flexible

for imputation of missing attribute values.

4.2.2 ANNRST data imputation for real missing data

After applying ANNRST to the simulated missing data, ANNRST is applied to the actual
missing values on slope, ca and thal attributes using the same process. Using complete
decision table, which has 13 attributes as shown in Table 4.1, reduct computation with
Boolean reasoning discretization and Johnson’s algorithm results in a reduct with the
attributes of {age, trestbps, chol, thalach, oldpeak, ca}. Using this reduct, then ANNRST

for slope, ca and thal imputation is developed.
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k-NN imputation method and CMCF are also implemented to estimate the missing
values. After missing data estimation, there are three imputed data sets based on
ANNRST, k-NN and CMCF. The number of objects is out of 661, 303 objects belong to
Cleveland data set. The cross validation accuracy and coverage of all data sets are
calculated using different classifiers, which are RST, Decomposition Tree, LTF-C (Local

Transfer Function Classifier), and k-NN.

The result of accuracy, coverage, sensitivity and specificity using 10-fold cross validation
of randomized and mixed Cleveland, Hungarian and Long Beach data set are shown in
Table 4.10 to Table 4.13. The classifiers used are RST, decision tree (D-Tree), k-NN and
Local Transfer Function Classifier (LTF-C).

Table 4.10

Accuracy of ten folds cross validation on three data sets with four classifiers

Classifiers
RST D-Tree k-NN LTF-C
ANNRST 0.865 0.894 0.861 0.862
Accuracy of - 0.823 0.847 0.808 0.811
Imputation
CMCF 0.9 0.909 0.889 0.906

Table 4.11

Coverage of ten folds cross validation on three data sets with four classifiers

Classifiers
RST D-Tree k-NN LTF-C
ANNRST 1 0.677 1 1
Coverage of | \\ 1 0.639 1 1
Imputation
CMCF 1 0.739 1 1

It can be seen in Table 4.10 and Table 4.11 that CMCF data imputation is considered as

the best method as its classifier performance of accuracy outperforms the others.
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Table 4.12

Sensitivity of ten folds cross validation on three data sets with four classifiers

Classifiers
RST D-Tree k-NN LTE-C
— ANNRST  0.842 0.901 0.874 0.832
Sensitivity of |\ 0.806 0.845 0.808 0.8
Imputation
CMCF 0.899 0.911 0.906 0.9

Tabie 4.13

Specificity of ten folds cross validation on three data sets with four classifiers

Classifiers
RST D-Tree k-NN LTF-C
_ ANNRST  0.887 0.889 0.85 0.897
Speificity of  \\ 0.839 0.854 0.811 0.82
Imputation
CMCF 0.902 0.903 0.876 0.911

It can also be seen in Table 4.12 and Table 4.13 that CMCF data imputation outperforms
ANNRST and k-NN as its classifier performance of sensitivity and specificity is better
than the others.

However, the objective of ANNRST is to impute missing values that have strong
relationship with complete data sets. Ten fold cross validation method can not indicate the
strength of the relationship between the imputed data set and the complete data set. This
strength of the relationship can be recognized by considering Hungarian and Long Beach
data sets with 358 objects, which are almost incomplete as the training data, and
Cleveland with 303 objects, which are almost complete as the testing data, that will be
classified. This method is called “imputed classify complete™ because the imputed data
set 1s used to classify the complete data sets to know the correctness of imputation in term

of extracted knowledge from the imputed data set,




Table 4.14

Accuracy of “Imputed classify Complete” on three data sets with four classifiers
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Classifiers
RST D-Tree k-NN LTF-C
ANNRST  0.815 0.856 0.815 0.812
?;‘;”Jf‘aﬁl‘gf k-NN 0.759 0.779 0.729 0.776
CMCF 0.792 0.77 0.779 0.789

Table 4.15

Coverage of “Imputed classify Complete” on three data sets with four classifiers

Classifiers
RST D-Tree k-NN LTF-C
ANNRST 1 0.482 1 1
Coverage of | \\\ 1 0.432 1 1
Imputation
CMCF 1 0.617 1 1

Table 4.16

Sensitivity of “Imputed classify Complete” on three data sets with four classifiers

Classifiers
RST D-Tree k-NN LTF-C
ANNRST  0.842 0.877 0.806 0.777
Sensitivity of |\ 0.712 0.774 0.676 0.741
Imputation
CMCF 0.698 0.542 0.691 0.719

Table 4.17

Specificity of “Imputed classify Complete” on three data sets with four classifiers

Classifiers
RST D-Tree k-NN LTF-C
o ANNRST 0.793 0.836 0.823 0.841
Specificity of -, N 0.799 0.783 0.774 0.805
Imputation
CMCF 0.872

0.875 0.854 0.848
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The results are shown in Table 4.14 to Table 4.17. It is shown that ANNRST is better
than CMCF and k-NN on overall accuracy and sensitivity. CMCF has better specificity
than ANNRST, but for the accuracy ANNRST is better than CMCF. The gap between
sensitivity and specificity of CMCF is 0.872 - 0.698 = 0.174, where the gap between
sensitivity and specificity of ANNRST is 0.842 - 0.793 = 0.049. It means that ANNRST
is generally better than CMCF. The results show that ANNRST imputation results in data
set that is more similar to the complete data set than that of the CMCF, However, CMCF
is better than ANNRST while using 10-fold cross validation method.

The example of imputation is illustrated in Table 4.18 which shows 30 samples taken
from Cleveland data set. In the table, “?” indicates simulated missing values. The imputed
data set using ANNRST is shown in Table 4.19. The darker cells indicate wrong imputed
values. The original data set before the missing values are simulated is shown in Table
4.20. There are 3 wrong imputations out of 38 missing values, Hence, the accuracy is

0.92. The blackened cell is the wrong imputation values.

4.2.3 Evaluation of ANNRST based on RST rule filtering

RST classifier is used in this study for extracting rules from data sets. With three sets of
imputed data produced by ANNRST, k-NN and CMCF, then RST could extract 3881,
5566 and 1537 rules, respectively. Investigation of the effects of imputation on the quality
of RST classifier is carried on while rule filtering based on support is applied. “Support =
m” means that rules having support below the value of m are filtered. During the filtering

method the number of rules will be reduced.

Table 421 and Figure 4.23 show rule filtering effects on the number of rules. For
example when support = 19, then the rules that have support below 19 are filtered so that

the number of rules remains 206 as shown in the bold values in Table 4.21.
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f= 0.5 are shown in Table 4.22. Figure 4.8 — 4.10 show the graphical results of Table

4.22. = 10.5 is chosen by considering that accuracy is the same important as coverage.

Table 4.22 Filtering effects on accuracy, coverage and Michalski quality measure with g#=0.5

0

1

2

3

4

5

6

7

8

9 :

10 08118 0.8521  0.8777
11 08119 0.8558  0.8773
12 0.8119 0.8385 0.8773
13 0.8106 o817 08770
14 0.8067 0.8058  0.8749
15 0.8121 0.7941  0.8729
16 0.8191 07762  0.8729
17 0.8219 07726  0.8729
18 0.8185 0.7728  0.8746
19 0.8219 0.7495  0.8746
20 0.8144 06947  0.8746
21 0.8179 06808  0.8746
22 0.8179 06750  0.8746
23 0.8213 06709  0.8746
24 0.8229 06689  0.8743
25 0.8229 06482  0.8740

0.95
—a— ANNRST
~-&— kNN

0-7 T T T T

0 5 10 15 20 25
Support

Figure 4.8 Filtering effect on accuracy of RST classifier on three different data sets.
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It is shown in Figure 4.8 that ANNRST is better than the others except when support is 16
of which k-NN has better éccuracy, If we consider the coverage, it can be seen that the
coverage of k-NN is badly decreasing. Michalsky quality measure with & = 0.5 in Figure
4.10 shows clearly that ANNRST outperforms the others.

1.1

1 XXX X —X—X X X XN .
TR XXX X X R X e X e X K =X X X =K e X X

0.4 1 [—=— ANNRST
—a—KkNN
—x—CMCF

Support

Figure 4.9 Filtering effect on coverage of RST classifier on three different data sets.

0.95
0.9 XRemX—X st e il
4 TR R R K e e e K I X XX — X — X
0.85 -
> 08
El
=
g 0.75 1
0.7 —a— ANNRST
—&— kNN
0.65 —x— CMCF
0.6 T T T T
0 5 10 15 20 25
Support

Figure 4.10 Filtering effect on Michalski quality measure (u=0.5) of RST classifier on three different

data sets.
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The Michalski quality measure as a trade off between accuracy and coverage shows the
performance of ANNRST. The increasing of accuracy of classifier will usually be

followed by decreasing of coverage.

The number of rules must be considered when the rule based classifiers are compared.
Fewer numbers of rules give better interpretability of the classifier. Hence, it is necessary
to see the accuracy, coverage and Michalsky quality measure on the same number of rules
while filtering the rules. Thus, the effects of rule filtering with the same number of rules
can be seen in Figure 4.11-4.13. ANNRST is still considered better than CMCF and k-
NN. For small number of rules, k-NN has the highest accuracy but lowest coverage.
Michalsky quality measure shows that k-NN is the worst and ANNRST is the best as

shown in Figure 4,13,

0.95
—=— ANNRST
—&— kNN
0.9 H —x— CMCF
2 0.85 -
o
3 L -
Q
< 08 - X
A__———-—-"‘-'_-—d‘_—-_-—"——--—
0.75 -
0.7 T T T T ] 3 T T T
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Rules

Figure 4.11 Filtering effect on accuracy of RST classifier on three different data sets on the basis of

rule number.
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Coverage

0.3

!
»

—ae— KNN
—x— CMCF

—=— ANNRST

0

200 400

600

800
Rules

1000 1

200 1400 1600 1800 2000

Tigure 4.12 Filtering effect on coverage of RST classifier on three different data sets on the basis of

rule number.

0.95
0.9 - W : - X "
0.85 -
2 08 -
©
=
Q 0.75 -
0.7
—8— ANNRST
0.65 - —dr— kNN
—x— CMCF
0.6 T T T
0 500 1000 1500 2000
Rules

Figure 4.13 Filtering effect on Michalski quality measure (=~0.5) of RST classifier on three different

data sets on the basis of rule number.
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Sometimes sensitivity and specificity are more interesting than accuracy and coverage.
AUC (Area Under Curve) of ROC (Receiver Operating Characteristics) is also important
parameter of binary classifiers. Table 4.23 shows the sensitivity, specificity and AUC of
ROC during rule filtering based on support. k-NN can not be considered good
performance due to very bad coverage as shown in Table 4.23. ANNRST looks better
than CMCF in sensitivity but worse in specificity, but AUC of ROC ANNRST is better
than CMCF. The gap between sensitivity and specificity of ANNRST is also smaller than
CMCF. Sensitivity means how accurate the classifier recognizes the CAD suffered
patients. While Specificity means how accurate the classifier recognizes non-suffered
patients. As a trade off between sensitivity and specificity, then AUC of ROC has been
introduced. It can be seen that ANNRST is still better than the others in AUC-ROC
except after removing rules having support below 20 where k-NN is better. In this case
the coverage of k-NN must be considered since k-NN has the worst coverage. ANNRST

is better than k-NN when the coverage is considered.

Table 4.23 Filtering effects on sensitivity, specificity and AUC of ROC

SYEe~N®mohwnaof

-
-
o
oo
r
=~
[o5]

0.7615 0.6541 0.7988 0.7961 0.8100
12 0.8273 0.7742 0.6541 0.7988 0.7924 0.8133
13 0.8130 0.773 0.6541 0.7988 0.7844 0.8185
14 0.8130 0.7895 06515 0.7866 0.7885 0.8147
15 0.8201 0.8302 0.6489 0.7805 0.8072 0.8156
16 0.8130 0.8163 0.6489 0.7744 0.8366 0.8075
17 0.8130 0.8105 0.6489 0.7744 0.8304 0.8096
18 0.8130 0.8105 0.6565 0.7683 0.8338  0.8101
19 0.8130 0.8353 0.6565 0.7744 0.8580  0.8096
20 0.8058 0.7969 0.6565 | 0.7622 0.8431 0.8096
21 0.8058 0.7593 0.6585 | 0.7683 0.8506 0.8104
22 0.8058 0.7234 0.6565 0.7683 0.8561 0.8131
23 0.8058 0.7111 0.6565 0.7744 0.8500 0.8132
24 0.7986 0.7045 0.6565 0.7683 0.8467 0.8181
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Figure 4.14 Filtering eifect on sensitivity of RST classifier an three different data sets.
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Figure 4.15 Filtering effect on specificity of RST classifier on three different data sets.
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Figure 4.16 Filtering effect on AUC of ROC of RST classifier on three different data sets.

The number of rules among classifiers is not the same. For example, after filtering rules
that have support below 20, the number of rules is 206, 92 and 67 for ANNRST, CMCF
and k-NN as shown in Table 4.21. Figure 4.17 - 4.19 shows the sensitivity, specificity
and AUC of ROC on the basis of number of rules.
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Figure 4.17 Filtering effect on sensitivity of RST classifier on three different data sets on the basis of

rule number.
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Figure 4.18 Filtering effect on specificity of RST classifier on three different data sets on the hasis of

rule number.
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Figure 4.19 Filtering effect on AUC of ROC of RST classifier on three different data sets on the basis

of rule number.
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ANNRST generally is better than the others except for specificity where CMCF performs
better, but ANNRST is better than CMCF on AUC of ROC. The above graphs can be

used to select the appropriate number of rules with acceptable accuracy and coverage.

43 RULE DISCOVERY AND SELECTION

Based on the results reported in previous sub section, ANNRST imputed Hungarian and
Long Beach data sets with 358 objects are chosen to discover the knowledge.
Discretization of numerical attributes based on Boolean reasoning using equations (3.14)

- (3.18) results in values as in Table 4.24.

Table 4.24 Discretization results

;

ag

frestbps [* 129
chol [*, 241)
thalach [*, 133)
oldpeak [*, 0.3)
ca [*, 1}

[*,41) means age <41, [53,*) means age = 53 and [41,53) means 41< age <53. The other

attributes can be seen in Table 3.1.

Rule filtering by removing the rules having support below 20 results in 206 rules with
their accuracy and coverage are 0.822 and 0.964, respectively, as shown in Table 4.22

with bold font.

The rules are shown in Table 4.25. These 206 rules will be selected using RST rule
selection based on testing data. The rules in this table are still in crisp form. Fuzzification

will be made after RST rule selection process.
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Table 4.25 Extracted rules using RST

oldpeak{[0.3, *}) AND slope(2) AND thal(7) => num(1)

cp(4) AND slope(2) AND thal(7} => num(1)

fos(C) AND exang(1) AND oldpeak([C.3, *)) AND thal{7) => num(1)

cp(4) AND fbs(0) AND exang(1) AND thal(7} => num({1)

fbs(0) AND thalach([133, *)) AND oldpeaki({*, 0.3)) AND ca (f*, 1)) AND thal(3) => num(0)
sex{1) AND cp(4) AND fbs(0) AND oldpeak(|0.3, *)) AND thal{7) => num{1)

sex(1) AND exang(1} AND slope{2) AND that(7) => num(1)

bs(0) AND exang(1) AND slope{2) AND thal(7) => num(1)

trestbps([129, *)) AND chol([241, *}) AND oldpeak([*, 0.3)) AND slopa(1) AND ca ([*, 1)) => num(0)

€p(4) AND trestbps([129, *)) AND choi([241, *}) AND restecg(0) AND thalach{(*, 133)) AND slope(2) => num{1}
age([53, *)) AND trestbps([129, *)) AND restecg(0) AND exang(0) AND ca ([*, 1)) => num{0)

age([53, *)) AND restecg(1) AND slope(2) AND thal(7} => num({1)

age([41, 53)) AND trestbps([*, 129)) AND chol([*, 241)) AND thalach([133, *}) AND ca ([*, 1)) = num(0)

£p(4} AND trestbps([129, *)) AND chol([241, *)} AND fbs(0) AND restecg{0) AND thalach([*, 133)) => num(1)

134

81
77
73
7
70
69
65

64

20
20
20
20

20

20

This set of rules from support based filtering is chosen and will be selected using RST

rule importance measure as explained in section 3.4.2. The results of new decision table

converted from extracted rules are shown in Table 4.26.

The new constructed decision table consists of 303 objects. There are 206 rules. Hence

the decision table has 206 conditional attributes with single decision, which is attribute

num. RST reduct computation using Johnson’s algorithm results in reduct with 27

conditions, which represent 27 rules (Section 3.4.2).
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Table 4.26 New decision table from extracted rules using RST

1 0 0 0 0 0 0 0
2 0 0 0 0 0 0 1
3 1 1 1 0 ] 0 1
4 0 0 0 0 0 0 0
5 0 0 0 0 0 0 0
6 0 0 0 0 0 0 0
7 0 0 0 0 0 0 1
B8 0 0 0 0 0 0 0
9 1 1 0 0 0 0 1
10 0 0 0 0 0 0 1
294 0 0 1 0 0 0 1
295 0 0 0 0 0 0 1
296 0 0 0 0 1 0 0
207 0 0 0 0 0 0 1
298 0 1 0 0 0 1 1
299 1 0 0 0 0 0 1
300 1 1 0 0 0 0 1
301 1 1 1 0 0 0 1
302 0 0 0 0 0 0 1
303 0 0 0 0 0 0 0

The reduct attributes of Table 4.26 are {Rulel, Rulel0, Rulel7, Rulel9, Rule20, Rule23,
Rule26, Rule30, Rule33, Rule49, Rule5l, Rule66, Rule70, Rule73, Rule77, Rule8l,
Rulel0!, Rulell4, Rulell7, Rulell8, Rulel50, Rulel54, Rulel58, RulelG0, Rulel6l,
Rulel80, Rule203}.

These selected 27 rules have accuracy and coverage of 0.852 and 0.937 respectively on

testing data set. Table 4.27 shows all the 27 selected rules based on RST reduct.
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Table 4.27 Selected rules using RST

1 oldpeak{[0.3, *)) AND slope(2) AND thal{f} => num{1) Rule1

2 fbs(0) AND thalach{{133, *)} AND sfope(1) AND ca (*, 1)) AND thal(3) => num(0) Rule10
3 fbs(0) AND ca ([1, *)) AND thal(¥) => num(1) Rulet?
4 sex(1) AND fbs(0) AND thalach([133, *)} AND exang(0) AND ca ([*, 1)) AND thal(3) => num(0) Rule1
5 sex{1) AND fbs(0) AND restecg(0) AND oldpeak([0.3, *}) AND thal(7) => num(1) Rule20
6 chal(f*, 241)) AND exang(0) AND thal{3} => num(0) Rule23
7 trestbps([129, *)) AND restecg(0) AND ca {[*, 1)} AND thal(3) => num(0) Rule26
8 cop(4) AND exang(1) AND slope(2) AND ca ([1, *)) => num({1) Rute30
9 ¢p(2) AND chol([*, 241}) AND ca (f*, 1)} => num{0) Rule33
10 sex(0) AND fbs(0) AND exang(0) AND cldpeak([*, 0.3)} => num{0} Rule4d
11 chol({241, *)) AND fbs(D) AND slope(2) AND thal(7) => num(1) Rule51

12 trestbps{[129, *}) AND slope{1) AND ca ([*, 1)) AND thal(3) => num(D} Rule66
13 chol{[241, *)} AND slope{2) AND ca ([1, *)} => num(1) Rule70
14 exang(1) AND oldpeak{[0.3, *)} AND ca (}*, 1)) AND thal(7} => num(1) Rule73
15  cp(4) AND chol([24 1, *}) AND fbs(0) AND ca ({1, *)) => num(1) Rule?77
16 age([41, 53)) AND chol([*, 241)) AND thal(3) => num(®) Ruleg1

17 sex{1) AND cp{4} AND trestbps([129, *)) AND chol([241, *}) AND thalach{[*, 133)) AND slope(2) => num(1) Ruleitr
18 age([41, 53)) AND sex{1) AND thalach{[133, *}) AND exang(0) AND ca ([*, 1)) == num{0) Rule114
19 thalach([133, *)) AND exang(1) AND thal{7} => num(1} Rule117
20 trestbps([129, *)) AND chol{[241, *)) AND fhs(0) AND exang(0) AND ca {[*, 1)) => num(Q) Rule118
21 age([53, *)) AND sex(1) AND trestbps([129, *)) AND fhs(1) AND slope(2) => num(1) Rule150
22 sex(1) AND cp(4) AND thalach([133, *)) AND thal(7) => num{1) Rule154
23 age([53, ) AND 65)(2) AND slope(1) => num(0} Rule158
24 age([41, 53)) AND sex(0} AND thal(3) => num(0) Rule160
25  trestbps([*, 129)) AND fbs(0) AND ca {[1, *}) => num({1) Rule161
28 chol{[*, 241)) AND restecg{0) AND cldpeak([0.3, *)} AND ca ([1, *)) => num(1) Rule180
27 _age([53, *h AND trestbps([122, *)) AND restecg(0) AND exang(0) AND ca ([*, 1)) => num(0)} Rule203

The comparison between rule selection methods applied on training and testing data sets
can be seen on Table 4.28 and Table 4.29. Two support based filtering are implemented.

This selection method is based on support of rules on training data set and testing data set.
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The formula of selection methods, which are Michalski, Torgo, Brazdil, Pearson and

Cohen, is explained in Table 3.14.

Table 4.28 Comparison of rule selection method performance applied on training data set

Selection Methods Accuracy Coverage Number of rules
Proposed Method 1 0.816 27
Support Based (Training Data) 1 0.665 29
Support Based (Testing Data) 1 0.749 27
Michalski u=0.5 1 0.682 27
Torgo 1 0.682 27
Brazdil 1 0.682 27
Pearson 1 0.682 27
Cohen 1 0.598 29

Table 4.29 Comparison of rule selection method performance applied on testing data set

Selection Methods Accuracy Coverage Number of rules
Proposed Method 0.852 0.937 27
Support Based (Training Data) 0.847 0.799 29
Support Based {Testing Data) 0.844 0.868 27
Michalski p=0.5 0.845 0.785 27
Torgo 0.845 0.785 27
Brazdit 0.845 0.785 27
Pearson 0.845 0.785 27
Cohen 0.863 0.65 29

Table 4.28 and Table 4.29 show that the proposed method in general performs better than
the others on both testing and training data sets. The proposed method is also compared
with other four classifiers such as decision tree, k-NN, LTF-C and unfiltered RST rules
on testing data. The results are shown in Table 4.30. LTF-C and k-NN :do not produce

rules.
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Table 4.30 Comparison of proposed method and other four classifiers applied on testing data set

Methods Accuracy Coverage Number of rules
Proposed Method 0.852 0.937 27
Unfiltered RST rules 0.815 1 4095
Deacision Tree 0.856 0.482 83
LTF-C 0.812 1 -
k-NN 0.815 1 -

44  FUZZY MODELLING

4.4.1 Fuzzification

The first step to build fuzzy decision support system is rule fuzzification. The results of
RST rule extraction is in crisp mode. In order to apply these rules into fuzzy inference
engine, fuzzification must be carried on using the step explained in section 3.8.2 and 3.8.4
and Table 4.26. Triangular and trapezoidal fuzzifiers that make triangular and trapezoidal
membership function are the simplest and the most common possible models of value of
membership as they are fully defined by only three and four parameter respectively. The

linear change in the membership value is the simplest possible model people can think of.

There are six discretized numerical attributes. Based on discretization of Table 4.26, the

fuzzy membership functions are listed below.

Membership function of age
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Figure 4.20 Membership function of attribute age
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Membership function of thalach
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Figure 4,23 Membership function of attribute thalach
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Figure 4.24 Membership function of attribute oldpeak
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The output which is num is CAD possibility. Referring to Table 3.1, in a crisp manner, if
more than 50% narrowing, the CAD is yes otherwise CAD is no. This CAD output can be
fuzzified to be fuzzy output with the membership function as shown in Figure 4.26.
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Figure 4.26 Membership function of attribute num that represents the CAD possibility

The remaining attributes which are non-numerical can be converted to crisp membership.
The value of their membership functions can only have I or 0. Table 4.27 can be fuzzified
similar to Table 3.16 which becomes Table 3.17 after fuzzification.

4.4.2 Fuzzy inference engine

The inference engine uses min operator for AND and Mamdani implication which is min
operator with weighing factor for each rule. The step of inferring is explained in section

3.7.4.

The rules can then be included in Mamdani fuzzy inference engine with the same way as
in Figure 3.17. The weights of each rule can be calculated using equation (3.42) results in
Table 4.31. The centroid method, as shown in equation (3.40), is used to defuzzify the
output into numerical values. The numerical values represent the possibility of CAD or

the approximate percentage of blocking of one of the coronary arteries.



Table 4.31 Weight of rules

i
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26

27

0.765432089
0.679012346
0.666666667
0.654320988
0.62962963
0.604938272
0.580246914
0.555555556
0.518518519
0.518518519
0.469135802
0.456790123
0.456790123
0.444444444
0.432098765
0.37037037
0.345679012
0.345679012
0.333333333
0.296296296
0.296296296
0.296206296
0.283950617
0.283950617
0.269259259
0.24691358

4.5 EVALUATION OF FUZZY DECISION SUPPORT SYSTEM

4.5.1 Evaluation using data mining methods
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Evaluation of FDSS with imputation is done by comparing to other data mining and

knowledge discovery models using similar training and testing data sets. The training data

sets are imputed data set. Four models of classifiers which are MLP-ANN, k-NN, C4.5

and RIPPER are used to classify all the UCI data sets including Hungarian and Long

Beach before their missing values are imputed and Ipoh Specialist Hospital data set (22

patients) called Ipoh data set. The results of diagnosis of CAD for different classifiers are

shown in Table 4.32 — Table 4.34.
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Table 4.32 Accuracy of different diagnosis methods on UUCI-CAD data sets and Ipch data set

FDSS 0.83 0.84 0.75 0.70 0.82 0.79
MLP-ANN 0.81 0.54 0.76 0.81 077 0.74
K-NN 0.81 0.92 0.85 0.62 073 0.78
C4s5 - 0.82 0.66 0.77 0.53 0.55 0.66
RIPPER 0.83 0.68 078 0.41 0.68 0.67

Table 4.33 shows that FDSS has the best accuracy in Ipoh data set. FDSS and RIPPER
have the best accuracy in Cleveland data set. MLP-ANN has the best accuracy in
Switzerland data set. k-NN has the best accuracy in Hungarian and Long Beach data sets.
The average shows that FDSS has better accuracy than the others. k-NN gets its high
accuracy on Hungarian and Long Beach in which the training data are mostly taken from
these data sets. k-NN is distance based classifier which will have very high accuracy if it
is applied on the training data set. FDSS has better accuracy than k-NN in Cleveland and
Switzerland data sets. The knowledge of FDSS is transparent where k-NN knowledge is
less transparent. The result of FDSS is also numerical values which represent the
percentage of coronary artery blocking where k-NN is categorical having only yes or no

value,

Table 4.33 Sensitivity of different diagnosis methods on UCI-CAD data sets and Ipoh data set

FDSS 0.81 0.70 0.83 0.71 1.00 0.81

MLP-ANN 0.77 0.44 0.75 0.93 0.92 0.76
k-NN 0.84 0.87 0.85 0.96 0.69 0.84
C4.5 0.79 0.52 0.78 097 0.85 0.78
RIPPER 0.82 0.54 0.81 0.96 0.69 0.76

Table 4.34 shows that k-NN has better average of sensitivity than FDSS. FDSS has the
best sensitivity on Ipoh data set but has the worse sensitivity on Switzerland data set. If
specificity is considered as in Table 4.35, then FDSS has the best of specificity on

Switzerland data set.
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Table 4.34 Specificity of different diagnoesis methods on UCI-CAD data sets and Ipoh data set

FDSS 0.85 0.91 0.49 0.56 0.66
MLP-ANN 0.85 1.00 1.00 0.56 0.69
k-NN 0.79 095 0.81 0.78 0.69
C4.5 - 085 0.89 0.60 0.11 0.51
RIPPER 0.84 0.87 0.59 0.67 0.61

The average specificity of FDSS is below MLP-ANN and k-NN classifiers. From the
results, it can be considered that FDSS is comparable with the other classifiers. However,
FDSS has advantage of transparent knowledge, handling continuous values directly and
numerical output that represent the approximate blockage of coronary arteries. FDSS has
good diagnosis accuracies for all data sets which are between 0.7 and 0.84 and the
average is 0.79. The sensitivities of FDSS are between 0.7 and 1 and the average is 0.81.
The specificities of FDSS are between 0.49 and 0.91 and the average is 0.66. FDSS can

be considered robust and has the best diagnosis performance compared to the others.

4.5.2 Evaluation by cardiologists

The performance of FDSS is evaluated and compared using 30 samples taken from each
four data sets from UCIL The samples are diagnosed by FDSS and three local
cardiologists. The actual results are taken from coronary angiogram. Table 4.36 and
Figure 4.27 show the results of FDSS compared to two cardiologists using Cleveland data
set. The 30 samples of Cleveland data set with the results of FDSS and three cardiologists

are shown in Table 4.35.

Figure 4.27 shows that the performance of FDSS is better than the decisions by
cardiologists especially on accuracy and specificity. The first cardiologist has indicated
the same sensitivity as FDSS. FDSS has high specificity compared to the three

cardiologists.
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Table 4.36 Diagnosis performances of FDSS on Cleveland data set

Accuracy 0.87 0.67 0.73

Sensilivity 0.82 0.76 0.76
Specificity 0.92 0.54 0.69

Diagnosis Performance on Cleveland

W fdss

W cardiologisti#1
specificity O cardiologis 2
[ cardiologist##3

accurac I
y sensitivity

Figure 4,27 Diagnosis performances of FDSS on Cleveland data set

Table 4.37 show the 30 samples of Hungarian data set with the results of FDSS and two
cardiologists. The actual results are taken from coronary angiogram. This data set consists
of missing attribute values on the attributes of slope, ca and thal. Table 4.38 and Figure

4.28 show the results of FDSS compared to three cardiologists using Hungarian data set.
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Table 4,38 Diagnosis pexrformances of FDSS on Hungarian data set

Accuracy 0.63 0.63 0.53 0.47
Sensitivity 0.43 0.50 0.29 0.29
Specificity 0.81 0.75 0,756 0.63

Diagnosis Performance on Hungarian

B fdss

M cardiologis 1
specificity O cardiologis 2
O cardiologis B3

accuracy sensitivity

Figure 4.28 Diagnosis performance of FDSS on Hungarian data set

Table 4.38 and Figure 4.28 show that FDSS has better specificity. FDSS has the same
accuracy as the first cardiologist and better than the others. The sensitivity of FDSS is less

than the first cardiologist but better than the others.

Table 4.39 show the 30 samples of Long Beach data set with the results of FDSS and two
cardiologists. The actual results are taken from coronary angiogram. This data set consists
of missing attribute values on the attributes of tresbps, chol, fbs, thalach, exang, slope, ca
and thal, Table 440 and Figure 4.29 show the results of FDSS compared to three

cardiologists using Long Beach data set.
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Table 4.40 Diagnosis performances of FDSS on Long Beach data set

Accuracy 0.80 0.63 0.57 0.53
Sensitivity 0.95 0.65 0.60 0.60
Specificity 0.50 0.60 : 0.50 0.40

Diagnosis Performance on Long Beach

H fdss
M cardiolagist#

accuracy

sensitivity specificky 0 cardiologist#2

O cardiologist#3

Figure 4.29 Diagnosis performances of FDSS on Long Beach data set

Tablc 4.40 and Figure 4.29 show that FDSS has better accuracy and sensitivity but worse
specificity compared to the decision results of the first cardiologist, The case is similar to

Tabie 4.34 where FDSS also has worse specificity.

Table 4.41 shows the 30 samples of Switzerland data set with the results of FDSS and
three cardiologists. The actual results are taken from coronary angiogram. This data set
consists of missing attribute values on the attributes of chol, fbs, slope, ca and thal. All
chol attribute values are missing. This data sct only has one patient thé.t has negative
result of CAD based on coronary angiogram. Table 4.42 and Figure 4,30 show the results
of FDSS compared to two cardiologists using Switzerland data set. The Switzerland is the

most independent data set that has no relationship to the training data of Ff)SS.
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Table 4.42 Diagnosis performances of FDSS on Switzerland data set

Accuracy 0.77 0.73 0.57 0.77

Sensitivity 0.76 0.72 0.55 0.79
Spacificity 1.00 1.00 1.00 0.00

Diagnosis Performance on Switzerland

M| fdss
m cardiclogist#1

accuracy

sensitivity specificity O cardiologist#2

O cardiologist#3

Figure 4.30 Diagnosis performances of FDSS on Switzerland data set

Figure 4.30 shows that FDSS and the third cardiologist have better accuracy and
sensitivity. FDSS sensitivity is less than third cardiologist. The specificity is the same
between FDSS and the first and second cardiologists. They can have high specificity of
106% because the patient having no CAD is only one and all of them have correct

diagnosis.

The ability of FDSS to estimate the possibility of CAD or percentage of blockage of
coronary artery based on Table 4.35, Table 4.37, Table 4.39 and Table 441 are
demonstrated in Figure 4.31 — Figure 4.34. There is only one cardiologisf that gives the
results as percentage of blockage of the coronary artery. The other cardiologists only give

the results of “yes” or “no” which are similar to coronary angiogram results.
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Figure 4.32 Diagnosis Results of FDSS and Cardiologist on Hungarian data set
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All the results show that the results of FDSS are generally inline with the cardiologist.
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46 SUMMARY

In this chapter, the proposed method has been demonstrated in the case of the diagnosis of
coronary artery disease. The problem of missing attribute values of the UCI coronary
artery discase data sets has been solved using ANNRST data imputation. The ability of
RST to reduce the input attributes of ANN has also been demonstrated. It can be seen that
the results of ANNRST to impute the simulated missing data are similar to ANN without
the input attribute reduction. Hence, ANNRST can be used to replace ANN with simpler
topology. The ANNRST performance is verified and evaluated on real missing data. The
performance of ANNRST is assessed using four classifiers that built based on imputed
data. The quality of classifiers in classifying the testing data can be considered as the
performance of the imputation methods which are ANNRST, k-NN and CMCF. In this
evaluation method, ANNRST outperforms other methods. RST classifier uses extracted
rules to classify the unseen data sets. The extracted rule set of RST consist of many rules.
Filtering method that is based on rule support can select small number good quality rules
among all rules. During the filtering process, the performance of the RST classifier is
decreasing. These filtering effects can be used to measure the quality of imputation
methods. ANNRST outperforms the other methods, which are k-NN and CMCEF, in this

filtering process.

The results of rule filtering is based on support and then refiltered by using the proposed
RST rule selection. This second filtering or selection results in only 27 decision rules with
acceptable accuracy and coverage. This proposed RST rule filtering also outperforms
other rule filtering methods. These selected rules are then fuzzified and included in fuzzy
inference engine to build fuzzy decision support system. The membership function
development is based on the results of discretization of numerical attributes, Mamdani
implication is then used as inference engine. The proposed rule weighing based on
supports is also implemented. The results show that fuzzy decision support system has
stable and good performance among other classifiers such as MLP-ANN, k-NN, C.45 and
RIPPER. This proposed fuzzy decision support system is verified by cardiologists and
gives very good results in accuracy, sensitivity and specificity. It also has similar

estimation of the possibility of CAD or approximation of coronary artery blockage.
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CHAPTER 5: CONCLUSION

51 INTRODUCTION

The aim of this research is to develop a decision support system for the diagnosis of CAD
based on facts or evidences. Literature survey shows that existing methods for
conventional CAD diagnosis still have many limitations which are that they rely too much
on human experts, invasive and expensive. The existing computer based and Al based
diagnosis methods also still have limitations such as non- interpretable, can not handle
heterogeneous and incompleteness of data. They can not leam from evidences directly.
Based on the survey, the proposed system must be able to handle incomplete and
heterogeneous data with high accuracy at acceptable coverage and has interpretable
knowledge. The first problem that must be solved is missing attribute values of the
training data which imputation is needed. The second problem is selection of large
number and redundant generated rules. The last problem is building the fuzzy decision
support system and its evaluations. This chapter is the conclusions that answer the

aforementioned problems and explanation of limitation of the proposed methods.

52  MISSING DATA IMPUTATION

The problem of missing attribute values of the University California Irvine (UCI)
Coronary Artery Disease (CAD) data sets has been solved using proposed ANNRST data
imputation. ANNRST imputation accuracy for simulated missing data is similar to pure
ANN without RST input attribute reduction. Hence, ANNRST can be used to replace
ANN with simpler topology. Both ANNRST and ANN have better accuracy CMCF and
k-NN imputations.

The result of the imputation can not be guaranteed as the true values that were missing. In
this work the imputed data set evaluation to measure the performance of the imputation
methods is proposed. The evaluation is conducted by discovering the knowledge from the
imputed data set and then building the classifier based in the discovered knowledge to
classify the complete data set. The accuracy and coverage of the classifier that is based on

the knowledge of certain imputed data set can be considered as the performance of those
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certain imputation method. In case of real missing values, ANNRST outperforms other
methods in term of accuracy, coverage, sensitivity and specificity of classifiers that uses

imputed data set by ANNRST.

RST classifier uses extracted rules to classify the unseen data sets. The extracted rule set
of RST consist of many rules. Filtering method that based on rule support can selected the
small number good quality rules from the other rules. During the filtering process, the
performance of the RST classifier is reduced. These filtering effects can be used to
measure the quality of imputation methods. ANNRST outperforms the other methods,
which are k-NN and CMCEF in this filtering process.

53 RULE DISCOVERY AND SELECTION

Support filtering as one of rule quality based filtering is applied at the first stage of the
selection. It is time consuming and high computation cost to apply only RST based rule
selection because the number of attributes is very high. Filtering method based on rule
support is applied to reduce the number of rules before applying rule importance measure
to select the most importance rules. The modification is proposed by applying this method
to decision system and converting rules to form decision tables based on testing data
instead of training data for rule importance measurement. This idea is proposed to
increase the generalization of the RST classifier. The classifier learns mainly from
training data but also let the testing data contribute to the learning process through the
rule selection. The results of rule filtering based on support then refiltered by using the
proposed RST rule selection. This second filtering or selection resulis in only 27 decision
rules with acceptable accuracy and coverage. This proposed RST rule filtering also
outperformed other rule filtering methods which are Michalski, Torgo, Bradzil, Pearson

and Cohen.

54  FUZZY DECISION SUPPORT SYSTEM AND EVALUATIONS

Fuzzy system has been proven powerful to many application areas. Fuzzy system has the
ability to handle imprecise knowledge by means of fuzzy linguistic terms. The main

disadvantage of fuzzy system is the difficulty in preparing the knowledge. Fuzzy system
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can not learn from the data directly. The need of human expert is obvious in the
development of fuzzy system. The involving of human expert sometimes makes the fuzzy
system subjective. For example, determining the membership functions will need domain

expert.

RST can learn directly from the data. This is the advantage of RST system. The system
will be objective. One of the drawbacks of RST is that the generated rules are crisp
instead of fuzzy. Combining RST and fuzzy system will make the system powerful. The

system will be objective and be able to handle the imprecise knowledge and fuzziness.

The selected rules base on RST are fuzzified and included in fuzzy inference engine to
build fuzzy decision support system. The membership function development is based on
the results of discretization of numerical attributes, Mamdani implication is then used as
inference engine. The proposed rule weighing based on supports is also implemented. The
results show that fuzzy decision support system has stable and good performance among
other classifiers which are MLP-ANN, k-NN, C.45 and RIPPER. This proposed fuzzy
decision support system is verified by three local cardiologists and in general gives very
good results in accuracy, sensitivity and specificity. It also has similar estimation of the

possibility of CAD or approximation of coronary artery blockage.

55 SUMMARY

The related works on coronary artery disease diagnosis using artificial intelligent and soft

computing methods are reviewed. This can be the starting point for future researchers.

Diagnosis of coronary artery disease needs much information in order to draw the correct
decision. Even though the complete historical data, symptoms and medical test from
patient are available, cardiologist still may get confused to draw coﬁclusion of the
presence of coronary artery disease. Coronary angiography is preferred by cardiologists to

diagnose CAD with high accuracy even it 1s invasive, risky and expensive.

Advanced computer methods such as artificial intelligence, soft computing and expert

systems is applied as alternative methods to diagnose coronary artery disease. The new
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emerging data analysis and rule induction method, rough set theory, are applied on

attributes reduction as well as rule induction.

Artificial neural network based missing data imputations have been proven to be success
for estimating missing values in input attributes. The rough set concept of attribute
reduction is combined with artificial neural network to impute missing attribute values in

data sets.

Rough set theory is used to measure the importance of rules then is applied in rule
selection problem. Rule quality and importance measure is used in rule selection problem

to give the high quality and important selected rules.

The use of fuzzy theory is very useful for decision making problems. The combination of
fuzzy theory and rough set theory to build decision support system for the diagnosis of

coronary artery disease is proposed in this thesis.

To overcome incompleteness of data, a missing data imputation is developed based on
artificial neural network with rough set theory attribute reduction, namely ANNRST.
ANNRST is applied on simulated missing values on selected UCI data sets. The results
show that ANNRST is better than other methods such as CMCF and k-NN imputation

methods.

A new evaluation method for real missing attribute values imputation is proposed. The
imputation method can be considered better when the filtered rules are still has high

performance during filtering process.

Rule selection based on combined rule quality and importance is proposed. Rule quality
based on support is fast and simple to filter very large number of rules. This proposed rule
selection can select 27 from 3881 rules. The selected rule set is compared to Michalski,
Torgo, Brazdil, Pearson and Cohen rule quality filtering. The proposed rule selection

perform better that the others.

Fuzzy decision support system for the diagnosis of coronary artery disease is proposed.

The membership function creation is based on Boolean reasoning discretization of
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numerical attributes which is considered indirect learning from training decision table.
The rule weighing based on rule support is proposed to assign the strength of fuzzy rules
during inference process. The defuzzification of output provides numerical values than
can be considered as percentage of blocking possibility of coronary artery. The results
show that fuzzy decision support system has stable and good performance among other
classifiers such as MLP-ANN, k-NN, C.45 and RIPPER. This proposed fuzzy decision
support system is verified by cardiologists and gives very good results in accuracy,
sensitivity and specificity. Tt also has similar estimation of the possibility of CAD or

approximation of coronary artery blockage.

The result of FDSS provides the percentage of blocking of coronary artery. Cardiologist
can not provide the percentage of blocking by using historical, simple blood test data and
ECG, even if thallium scintigraphic is performed. Coronary angiography which is
mvasive diagnosis also can not give the percentage of blocking. Cardiologist gives
decision by observing the angiogram results and indicates CAD if the blocking is more
than 50%. By FDSS, cardiologist can approximate the blocking of coronary artery and

draw a decision whether coronary angiography should be performed or not.

56 RECOMMENDATIONS

The following recommendations are suggested in order to improve the proposed method

in this thesis.

i.  Optimization of artificial neural network parameters may improve the accuracy of

ANNRST.

ii.  Continuous or numerical value handling for RST data analysis may be developed.

Tolerance based or variable precision RST can be considered.

iii. A method of choosing correct parameters and performance measures of rule
selection using rule quality and importance measure may be developed to improve

the rule selection become more objective and less subjective.

iv.  Membership function optimization and adjustment may be applied to improve the

diagnosis performance of fuzzy decision support system. Some optimization
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algorithms can be used such as genetic algorithm, particle swarm optimization and

similar soft computing techniques. Adaptive Neuro Fuzzy Inference System
(ANFIS) can also be considered.
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