










ABSTRACT 

 

“Without health life is not life; it is only a state of languor and suffering – an image of 

death”. So care should be taken on health. It is a great challenge to provide proper 

health care services to citizens of all parts in India especially in rural and remote 

areas. Poor health care service in underserved areas lead to think of an alternative 

automated medical diagnosis system for early of diseases. Early detection of diseases 

helps in planning future treatment immediately, which in turn augments 

survivability. In this context intelligent automated decision support system may be 

useful. 

An intelligent automated decision support system may assist health professionals in 

making decisions while diagnosing and managing diseases based on the stored 

knowledgebase. Sometimes medical diagnosis process becomes complicated due to 

inexact information. Moreover increasing number of diseases and their complexities 

cause the process of disease diagnosis too complex. A domain expert has to process 

huge data while making decision within time constraint. Decision support system, a 

widely used branch of artificial intelligence, makes it possible to help in solving 

complex problems within the time limit. 

Soft computing techniques, an assemble of artificial neural network, genetic 

algorithm, rough set and evolutionary algorithms, helps in designing or developing 

automated intelligent systems which helps health professionals in making decision 

while diagnosing health problems. Soft computing techniques possess the tolerance 

of vague or uncertain information. For this reason the techniques can be regarded as 

well suited in the field of medical diagnosis as uncertainty is prevalent in medical 

diagnosis. 

First part of the thesis have explored the present scenario of diseases, such as breast 

cancer, cardiac arrhythmia, and hepatitis diseases, in global and Indian perspective 

to explain the need of alternative medical diagnosis system. The work focuses on the 

said diseases using UCI data sets for corresponding diseases. After collecting data 

various steps of data preprocessing have been attempted to prepare good quality 

data. Data sets, used in our study are free from outliers. Multiple imputations using 

EMB approach has been used to handle missing values in the data set. 

Various benchmarking parameters to predict the performance of an intelligent 

model are studied to decide the list of parameters to be evaluated to judge the 

performance of the proposed intelligent systems. Considering the strength and 
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limitations of the performance prediction parameters, four parameters namely, 

accuracy, sensitivity, specificity, and area under ROC curve, are used to measure the 

performance of the proposed intelligent systems. 

Attempts have been made to discover reduced features from input data sets that 

explain the data sets much using correlation-based feature subset selection (CFS), 

rough set (RS), genetic algorithm (GA), and principal component analysis (PCA). 

Incremental back propagation learning network (IBPLN) and Levenberg-Marquardt 

algorithms are used as classifiers.  

Combinations which have been attempted to diagnose breast cancer are: CFS + LM, 

RS + LM, PCA + IBPLN, and PCA + LM i.e. features are selected using CFS, RS, and PCA 

and LM, and IBPLN algorithms are used for classification. The combination, PCA + 

LM, shows better performance in terms of accuracy, sensitivity, specificity, and area 

under ROC curve. 

Four combinations namely, GA + IBPLN, GA + LM, CFS + IBPLN, and CFS + LM, have 

been attempted to design intelligent models to predict cardiac arrhythmia. Features 

are selected using GA and CFS techniques and IBPLN and LM algorithms are used as 

classifier. The combination, CFS + LM, provides better performance in terms of the 

benchmarking parameters evaluated to measure the predictive performance. 

Multiple imputations using EMB approach has been implemented to handle missing 

values in the hepatitis disease dataset and five completed data sets have been 

generated. Features are extracted from the imputed data sets using CFS and RS. Two 

different approaches have been attempted. Firstly, all the imputed files have been 

analyzed using classifiers IBPLN and LM algorithms and the results are combined to 

obtain the final result. Secondly, five imputed files are integrated into a single file 

and this file has been analyzed using IBPLN and LM algorithms to obtain the final 

result. The second approach shows better performance for the combination RS + LM. 

Experimental results are compared in terms of correct classification accuracy, 

sensitivity, specificity, and area under ROC curve. Attempts have been made to 

compare the outcomes with ‘golden standard’. Feature subsets for the said diseases 

are proposed that would be worthwhile to physicians while diagnosing diseases. It 

has been suggested to consider the highest, lowest, and average behavior of the 

decision support system especially in medical domain to judge the performance of 

the model before using it. 

 At present, the growing field of intelligent system demands the use of decision 

support system as one of the most strategic and important tools for any 
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organization. Though the work successfully accomplish its objectives, still we say that 

the proposed intelligent models are not supposed to replace knowledge of domain 

expert, rather each of them can be considered as an effective and reliable tool to 

assist health professionals in making final decisions. 
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PREFACE 

With the evolution of Artificial Intelligence, development of decision support 

systems in various fields became an area of great interest. Invention of Artificial 

Intelligence makes it possible to implant thinking mechanism in machine so that it 

can take decision as and when necessary. Various issues related to health care 

sectors, such as inadequate domain experts, poor infrastructure, and huge workload, 

demand the incorporation of artificial intelligence in medical science for convenience 

as well as to provide better services. The decision support system may help health 

professionals (i.e. doctors, nurses etc) in making decisions while diagnosing and 

managing diseases. 

Early detection of diseases and proper treatments are solicited for survival of 

patients. The proposed systems based on soft computing techniques may be useful 

in this context. These intelligent automated systems may assist personnel related to 

healthcare service to diagnose new patients accurately with improved diagnostic 

speed. Moreover these systems can be used to train students or general physicians 

to diagnose patients with problems requiring a specialist. To overcome the problems 

in medical diagnosis few tasks have been taken into consideration as discussed in the 

chapters of the research work. 

Chapter 1 presents different sources of inexact information in medical diagnosis and 

the difficulties due to this cause. The need of decision support system and how it can 

be useful in medical domain are also discussed. The objectives of our study are 

described in this chapter. Finally, the advantages which have been expected from 

the proposed work are discussed. Chapter-wise summary of the research work is 

also presented in this chapter. 

Domain related facts and figures are presented in chapter 2. Medical knowledge on 

breast cancer, cardiac arrhythmia, and hepatitis disease are discussed. Incidence 

rate, mortality rate, and morbidity rate of the said diseases are described statistically 

as well as graphically in global and Indian perspective. Issues related to the diseases 

are also reported. Finally, discussions have been made to justify the requirements of 

alternative medical diagnosis system. 

Chapter 3 presents various soft computing techniques, such as fuzzy expert system, 

genetic algorithm, and artificial neural network, used in diagnosing diseases. 

Intelligent models using these techniques as proposed by literatures and the 

corresponding outcomes are presented in tabular form. Different forms of artificial 

neural network, node functions, and machine learning algorithms, such as 



VIII 
 

incremental backpropagation learning network (IBPLN), and Levenberg – Marquardt 

(LM) algorithms, are also described in this chapter. 

Chapter 4 discusses various steps to prepare data, which is needed to develop 

reliable intelligent automated systems. Data preprocessing steps and its usefulness 

are discussed in this chapter. Feature selection techniques, such as correlation-based 

feature subset selection (CFS), rough set (RS), principal component analysis (PCA), 

and genetic algorithm (GA), are described. Finally, missing value handling techniques 

are analyzed statistically to implement appropriate method during analysis of data. 

Studies on performance prediction parameters to judge intelligent models are 

presented in chapter 5. A set of such parameters are proposed to measure the 

performance of predictive models. 

Chapter 6 presents various steps in designing intelligent automated systems to 

diagnose breast cancer based on UCI breast cancer data set. Soft computing 

techniques, such as CFS, RS, PCA, IBPLN, and LM algorithm, are implemented in 

designing the proposed system. Finally, experimental results, comparative study in 

terms of performance measures and observations are presented. 

Chapter 7 provides implementation of soft computing techniques, such as GA, CFS, 

IBPLN, and LM algorithm, to develop intelligent automated system to predict cardiac 

arrhythmia. Outcomes of simulations are summarized in tabular form. The results 

are compared in terms of accuracy, sensitivity, specificity and area under ROC curve. 

Observations on the study are also presented. 

Chapter 8 discusses two different approaches that have been attempted to diagnose 

hepatitis disease. Implementation of multiple imputations using EMB approach to 

handle missing values in the data set is also presented. Features are selected using 

CFS and RS methods. Machine learning algorithms, such as IBPLN, and LM algorithm, 

are use for classification. Finally, experimental results and observations have been 

presented. 

Chapter 9 presents how we accomplish our objectives as mentioned in chapter 1. It 

is the final chapter of our research work. Future scopes of the study are also 

discussed in this chapter. 
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CHAPTER 1 

 

Introduction and Objectives 

 

1.1. Introduction 

Decision making in medical domain is a special one as there is the question of life 

and death. So, accurate diagnosis is solicited for further treatment planning. Medical 

diagnosis is the process of attempting to determine or identify a possible disease or 

disorder from an available set of symptoms and laboratory findings. It is an expertise 

as it involves a complex trouble-shooting procedure and its solution requires skill as 

well as experience. Due to the workload pressure, uncertainty  in information, 

ambiguous nature of the problem domain; experts use some shortcut techniques 

(heuristics) without exploring every pros and cons. Everyone are prone to take 

mental shortcuts while thinking through difficult problems and physicians are no 

exception. 

The challenge of reaching the correct diagnosis becomes harder without all the 

necessary clinical information. According to an analysis of AIM (Archives of Internal 

Medicine) in July’2005, one in three diagnostic errors, results solely from physician’s 

cognitive mistakes. Moreover, there are different sources of uncertainties which 

affect medical diagnosis are shown in Table – I. These sources of uncertainties may 

lead to the following difficulties: 

 Different diseases may have some common symptoms and/or secondary 

symptoms may be prominent which hide the original leaving the diagnosis 

process difficult. 

 The patients may also have more than one medical problem making the 

diagnosis process difficult and confusing. 

 Conflicting diagnosis due to different interpretations of symptoms; experts’ 

opinion differ. 

 Much of the observations are subject to error and the error correction method 

requires many assumptions that do not always hold in practice. 
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Table 1.1.  Sources of Inexact Information 

 

1. Problem domain :  a) Lack of precise numeric aspiration levels; 

                b) Lack of appropriate or available well defined algorithms. 

 

2. Patients:              a) Lack of adequate data; 

               b) Inconsistency of data; 

               c) Subjective reply; 

               d) Reply in fuzzy terms; 

              e) Fumbling answer; 

              f) No information. 

 

3. Parents / Guardians :   a) Lack of adequate data; 

           b) Inconsistency of data; 

           c) Subjective reply; 

           d) Reply in fuzzy terms; 

           e) Fumbling answer indicating lack of confidence; 

           f) Ignorance. 

 

4. Doctors: Matching of similar rather than identical situations: model in     

equivalence. 

 

5. Laboratory  tests / technicians:  Imprecision in  measurement  during  clinical /   

pathological / radiological tests : instrumental / technician’s error; impurity with the 

chemicals / glassware used. 

 

6. Symptoms: a) Most of the symptoms are valid for more than one adverse   

situation; 

            b) Information hiding: a secondary symptom may be more prominent 

than a primary symptom. 

 

7. Laboratory results are not available. 
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The large variety and complexity of the medical diagnosis leads to the need of 

automated intelligent decision support systems. Starting from MYCIN in the early 

70s’, a good number of such automated intelligent systems have been developed 

with varying degrees of success in the medical floor. In the recent years soft 

computing techniques are being exploited for developing intelligent systems for 

biomedical problems including diagnosis as these techniques are tolerant to 

imprecision, uncertainty, vagueness and partial truth and close to human like 

decision making. 

Soft computing is a consortium of different methodologies like fuzzy logic, artificial 

neural networks, roughest, and evolutionary algorithms. We used these techniques 

to some biomedical problems such as breast cancer, hepatitis disease, cardiac 

arrhythmia, chronic kidney disease etc. Regarding the hybrid combinations, various 

combinations have been attempted for better results as well as generality and 

simplicity of the methods. Broadly, two approaches – logical and black box 

approaches have been attempted. The logical approaches include supervised 

learning, unsupervised learning, feature selection and theoretical studies. The black 

box approaches consist of ANN and evolutionary computing. Regarding the issue of 

uncertainty we attempted to explore rough set theoretic approach. The issue of 

missing values has not been taken care of by most of the previous works; they 

exclude the instances having missing values. We tried to address the missing value 

problem using arithmetic mean, regression and multiple imputation techniques. The 

issues related to feature selection and reduction are vital in medical decision making. 

So, this issue has also been explored with various approaches. The issues like 

applicability of different techniques and tools, innovations of new methodologies, 

comparative studies etc. have also been considered. Attempts have been made to 

compare the results with ‘golden standard’. 

Artificial intelligence (AI) in medical domain significantly uses various soft computing 

techniques, which has been proved to be helpful in performing clinical diagnosis and 

suggesting treatments. The history of modern computer has successfully elaborated 

about the process of developing an artificial thinking mechanism electronically, 

which can take decisions whenever required, if there is a proper supply of 

information. Artificial intelligence mechanism can detect meaningful relationship in a 

set of data and is used in many clinical situations i.e. in diagnosing, treatment 

planning and predicting the results. Consequently, the doctors, scientists and 

researchers were greatly allured by the potential of such technology. At present, this 

technology has been mostly utilized in making decisions in the field of medical 

science. Numerous intelligent attempts and their applications have been made in 
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medical information technology. The process of storing and analyzing large scale 

medical information is necessary to assist doctors and clinicians in different fields 

like diagnosing and managing the disease and providing some expert opinion.  

If we consider a patient, who has various symptoms of a disease, comes for medical 

check-up in a health center; he/she is usually examined by junior doctors who 

possess less clinical know-about, whereas on the other hand the accumulation of 

clinical knowledge is generally seen among the senior or experienced doctors. It is 

possible, that this can be one of the major consequences of medical decision error. 

The effect of this type of error may be considered as one of the causes of increasing 

mortality, morbidity and economic loss. 

In present scenario, clinicians are working hard with information overload. It is 

predicted that nearly two million information pieces are used by us in the various 

decision makings and that biomedical knowledge is doubled after every two decades 

[1]. However accurate and sufficient information may not always be accessible. 

Scarcity of domain expert is also a major issue while diagnosing and managing 

diseases. 

Health, nutrition and education are primary traits for the improvement of human 

resource. The altogether improvement of any area is dependent on these criteria. 

Unluckily, several reasons, like – unavailability of domain experts, poor funding, 

unsatisfactory performance of medical professionals, poor medical facilities in rural 

areas, are the barriers for the development. In this work, the alarming mortality rate, 

due to breast cancer, cardiac arrhythmia and hepatitis diseases have been discussed 

in chapter 2. We are inspired to think of such an intelligent system which can provide 

support to reduce the mortality rate to some extent with the assistance of soft 

computing techniques. Researchers are occasionally using modeling techniques and 

knowledge of domain to utilize the various known facts in order to solve complicated 

problems. This kind of system may be highly beneficial and improve the information 

retrieval process as well as accurate diagnostic performance, if such methods are 

implemented in real fields. The gaps between clinicians and patients may be bridged 

by this work. 

Researchers and scientists use different statistical approaches to discover knowledge 

from huge data set during analysis. The objective is to find out any relationship 

among different parameters of the data set. By looking at the raw data and 

searching for such relationship using statistical approaches is very much difficult, 

whereas learning systems are able to characterize complex relationship efficiently. 

The diagnoses of diseases, under study, are basically applications of artificial 
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intelligence medicine domain. Every individual can be served more by a decision 

support system adopted for their respective interest. 

These are the reasons which motivate us to begin with a study on different diseases 

such as breast cancer, cardiac arrhythmia, hepatitis disease, and kidney disease, 

which inspired us to develop intelligent models that help clinicians to diagnose these 

diseases. 

 

1.2. Decision Support System (DSS) in Disease Diagnosis 

1.2.1. Needs 

During the course of the research work, we have found numerous reasons for which 

there can be an application of DSS or expert system in the field of medical diagnosis. 

The reasoning may be extended to the following areas: 

 Feasible and Aiding in Diagnostic Process 

It may be very much useful if DSS is found feasible and has the ability to aid in 

various diagnostic purposes during emergency cases. 

 Aiding Diagnosis and Better Healthcare Management 

Proper healthcare management and better treatment planning are needed 

for augmenting survivability. Outcomes of the laboratory findings are also 

required in time. DSS may also prove its efficiency in this respect. 

 Aiding in the Retrieval Process of Information 

This is highly resourceful in the procedure of retrieval of medical information 

from large database of problem related to domain in reasonable time. It 

helps medical professionals in retrieving information related to diseases 

based on some search criteria, which is very much useful while diagnosing 

and managing diseases. 

 Helping on Interpretation of Medical Images 

Different medical images, such as E.C.G. reports, X-Rays, CT scan, MRI etc., 

are to be interpreted to diagnose various diseases. DSS may prove its 

efficiency in doing so. 
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 Observant 

Features may be added to alert patients as well as doctors if any such 

situation arises for example a laboratory finding may cross the limit. So DSS 

can be used as a good observer. 

The purpose of developing decision support system (DSS) in medical diagnosis is to 

assist doctors in making decisions accurately while diagnosing and managing 

diseases based on available information. Correct diagnosis of diseases and effective 

treatments are necessary for providing good quality healthcare service. Poor 

decision in medical domain may lead to fatal situation, which is undesirable. Even 

the most technically sound health institution in India does not use data mining 

process to extract knowledge in diagnosing diseases though DSS may be helpful in 

this area. A complete automated intelligent system may help in making decisions 

and may provide better healthcare management. Moreover to diagnose a disease 

accurately by an expert a huge amount of data needed to be analyzed in a time 

constraint, which is sometimes unmanageable. In this context an automated system 

may be helpful. Implementation of automated intelligent system in medical domain 

increases the speed as well as reliability of prediction of diseases. Medical 

professionals are overburdened and consequently suffering from huge mental stress 

in making decisions. DSS may prove itself as an expert while handling complicated 

cases. 

DSS may provide good quality healthcare service which is cost effective. Up-to-date 

clinical knowledge as well as efficiency may satisfy expectations of patients. It 

certainly improves the efficiency of healthcare centers, quality, speed, safety, 

patient’s care in reduced cost. 

 

1.2.2. Usefulness of DSS 

Some of the usefulness of DSS in medical domain are noted below: 

 Patient’s care can be improved. 

 Efficiency of the health service provider will be increased. 

 Difference in interpretations of symptoms can be avoided, which results in 

diagnosis without any conflict. 
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 Expert’s decision of diagnosis and advice, based on updated information, can 

be provided automatically. 

 Better health service may be provided with reduced cost. 

 Can be implemented easily in all areas without much investment, so people 

of large scale will be benefited. 

 Patients may interact with the system. 

 DSS can be used to impart training and medical knowledge. 

 

1.3. Objectives of the Study 

1.3.1. Objectives 

The objective of the research work is to develop intelligent models to diagnose 

diseases such as breast cancer, cardiac arrhythmia, and hepatitis disease using soft 

computing techniques. Hybridization of data mining approaches with artificial 

intelligence to improve the performance of models. Data mining techniques, soft 

computing, genetic algorithm, rough set theory, artificial neural network, and any 

combinations of these are to be tried in developing automated system for prediction 

of the said diseases efficiently. 

Steps in data preprocessing should be taken care of for the development of any 

model. Different processes for dimensionality reduction by selecting important 

features from a data set are to be tried to extract important features that would be 

worthwhile while final decision is made by doctors.  

Another objective of our study is to analyze different techniques to handle missing 

values. Missing values in a data set should be taken care of otherwise it may cause 

distorted analysis or may produce biased results. Techniques, which are to be 

studied, are:  

i) List-wise deletion 

ii) Pair-wise deletion  

iii) Arithmetic mean imputation 

iv) Regression imputation 

v) Multiple imputations. 
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Decision has to be taken in selecting benchmarking parameters to measure the 

predictive performance of an intelligent model. Benchmarking parameters such as 

precision, correct classification accuracy, sensitivity, specificity that is the whole 

confusion matrix, area under ROC curve, Kappa statistic, lift, cumulative gain, and 

probability threshold are to be studied for choosing the appropriate parameters to 

judge the models to be proposed. 

Finally, comparisons of developed models with the previously proposed model have 

to be done in order to judge the performance in terms of bench marking parameters. 

Lowest performance of the intelligent model for medical diagnosis should have to be 

noted as it is an important factor especially in this domain. 

 

1.3.2. Area of the Study 

Attempts have to be made to develop intelligent automated systems to diagnose 

following diseases: 

a) Breast Cancer disease 

b) Cardiac Arrhythmia 

c) Hepatitis Disease 

Any attempt towards the development of such system would be helpful in our 

society. Based on the historical profiles, symptoms and laboratory findings, 

knowledgebase can be formed, which may help clinicians extraordinarily in terms of 

efficiency and performance in decision making. 

Different feature selection techniques and classifiers have to be attempted to deal 

with the disease diagnosis problems. Performances of models are to be measured in 

terms of some benchmarking parameters such as correct classification accuracy, 

sensitivity, specificity, and are under ROC curve. The highest, lowest, and average 

behaviors of the methods are to be recorded as these are important parameters, to 

be judged for a DSS before using it. 

Outliers in the data set are to be taken care of to avoid any adverse effect during 

analysis of data. Some steps are taken after consulting physician to manage outliers 

in hepatitis disease data set [2]. 

Attempts are to be made to implement appropriate technique to handle missing 

values in the data set. For example, in UCI hepatitis disease data set [3] there are 
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number of missing values. Attempts have to be made to implement suitable 

technique to handle the situation effectively. 

1.4. Overview of Breast Cancer Disease 

Formation of malignant cells in breast cells causes breast cancer. Cancer cells in the 

breast of a patient suffering from breast cancer become abnormal and multiply 

uncontrollably causes formation of tumor (mass of abnormal tissue). Delayed 

treatment may cause spread of malignant cells to the other parts of body. Breast 

cancer can be developed in male also, which is rare. Less than 1% of all breast cancer 

cases are found in male. Previously, the mortality rate of breast cancer cases in men 

was high due to lack of knowledge or awareness, and delayed diagnosis.  

Tumors in breast are of two types – ‘benign’, which is non-cancerous and 

‘malignant’, which is cancerous. Benign tumors are not dangerous for tissues 

surrounding it. Patients are suggested by doctors to leave it undisturbed rather than 

removing. The tumor is operated only when it causes pain or other problematic 

symptoms. On the other hand, malignant tumors are dangerous and also invasive. 

They invade and affect the cells surrounding it. Different test are there to find out 

the malignancy of tumors. 

Some facts about breast cancer are as follows: 

 In United State one in every eight women is diagnosed with breast cancer in 

her lifetime. 

 It is the second leading cause of death in women after lung cancer. 

 More than 200,000 new breast cancer cases for both sexes are recorded in 

US in the year 2012 [4]. 

 Early diagnosis of the disease results in survival of more than 2.5 million 

breast cancer patients. 

 According to World Health Organization (WHO) it is the most common 

problem in woman worldwide. 

Depending on the position where the cancer starts in breast, there are two kinds of 

breast cancer – i) ductal and ii) lobular. Ductal cancer is when the cancer starts in 

ducts that carry milk to the nipple. Lobular cancer is when the cancer begins in milk 

producing gland (lobule). Other types of breast cancer are rare. Spreading of breast 

cancer is due to the mixing of cancer cells into blood and lymph system. Sign and 

symptoms of breast cancer are as follows: 
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 A lump in the breast that appears different from surroundings. 

 Change in the size and shape of breast. 

 Change in the shape of nipple. 

 Peeling and scaling in areola or breast skin. 

 Reddish appearance on breast skin. 

According to doctors hormonal, lifestyle, and environmental factors are the main 

reasons of causing breast cancer. Moreover 5% to 10% breast cancer cases are 

identified as genetic. Different risk factors of causing breast cancer are: 

 Women are at high risk than male to suffer from this disease. 

 If already infected with cancer in one breast, the chance of growing cancer in 

other breast is at high risk. 

 The presence of the disease in the family history increases the risk of 

happening it. 

 Radiation therapy received to chest at an early age may cause breast cancer. 

 Obesity increases the risk of breast cancer. 

 For women, if period starts at an early age (before age of 12 years), the risk 

of breast cancer may be increased. 

 Menopause at an older age also causes breast cancer. 

 Hormonal therapy after menopause is also an important reason of happening 

breast cancer. 

Some factors such as healthy diet, maintaining proper weight, avoiding hormonal 

therapy, breast feeding, self examination of breast, avoiding consumption of alcohol 

may reduce the risk of developing breast cancer. Early diagnosis of breast cancer is 

needed for survival. An automated system may be helpful to mitigate the problem. 

 

1.5. Overview of Cardiac Arrhythmia 

Sinoatrial node also known as sinus node or simply SA node can be considered as 

‘natural pacemaker’ as it initiates electrical impulses, which passes through heart 
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causing heart beat. Normally heart rate of one ranges from 60 to 100 beats per 

minute. There are four chambers in heart. The two upper chambers are known as 

atria (atrium in singular) and two lower chambers are known as ventricles. There are 

also four valves in heart, which are able to open and close in order to allow blood to 

flow in one direction during contraction of heart. Electrical impulses generated from 

SA node follows a particular path, which causes the heart to pump properly in 

regular manner. Any abnormality in the sequence of electrical impulses leads to 

abnormal heart beats known as cardiac arrhythmia. Cardiac arrhythmia is of two 

types: 

 Bradycardia – if the heart rate is slow (less than 60 beats per minute. 

 Tachycardia – if the heart rate is fast (greater than 100 beats per minute). 

Different internal reasons of causing cardiac arrhythmia are given below: 

 Under certain conditions almost all heart tissues can start electrical activity to 

generate beats. 

 Interruption of electrical impulses in the transmission pathway. 

 Sometimes SA node generates irregular electrical impulses causing 

irregularities in heart beats. 

Cardiac arrhythmia may affect the heart’s ability to pump blood properly, which in 

turn causes improper function of lungs, brain other organs of human body. Different 

external risk factors causing cardiac arrhythmia are as below: 

 consumption of alcohol 

 excessive smoking 

 mental stress 

 high blood pressure 

 diabetes 

 thyroid problem may also cause heart to beat irregularly 

Some of the sign and symptoms of cardiac arrhythmia are: 

 chest pain 

 feeling tired 
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 shortness of breathe 

 loss of consciousness 

 sweating 

 palpitations 

 sudden weakness 

 difficulties in doing exercise 

 

Some facts about cardiac arrhythmia are as follows: 

 It is one of the major problems worldwide. About 33.5 million people in 

world (20.9 million male and 12.6 million female) are suffering from atrial 

fibrillation in the year 2010 [5]. 

 In North America and Europe 1-2% of population are suffering from atrial 

fibrillation [6], [7]. 

 Study on atrial fibrillation (AF) in India was reported first time in the year 

1995 in which they examined 984 people of Himalayan village. They observed 

only 0.1% prevalence of AF, which is too low [8]. This is due to the fact that 

the participants were of good health, examined by single ECG, only 6 

participants are of age greater than 65 years.  

 Another study made in West Birmingham Atrial Fibrillation project, reported  

AF prevalence of 0.6% in Indian perspective [9]. 

 According to REALIZE AF study and IHRS AF registry the average age of 

patients with AF are 60 and 54 years respectively [10]. 

Cardiac arrhythmia can be diagnosed by analyzing ECG (echocardiogram), EKG 

(electrocardiogram), chest X-ray images, holter monitor, tilt table test. Some other 

tests are also available to examine the occurrence of arrhythmia. Severe cardiac 

arrhythmia may cause heart attack or even death. For this reason early detection of 

heart disease and proper medication is absolutely necessary to prevent any bad 

happenings. An automated intelligent system may be helpful for this purpose. 
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1.6. Overview of Hepatitis Disease 

Hepatitis is a disease, which causes an inflammation of liver. It may be of both 

infectious or of noninfectious type. Consumption of alcohol, drugs and some 

diseases are responsible for causing noninfectious type of hepatitis. Viruses which 

are causing infectious type of hepatitis are – hepatitis A virus (HAV), hepatitis B virus 

(HBV), hepatitis C virus (HCV), hepatitis D virus (HDV), and hepatitis E virus (HEV). In 

United States HAV, HBV and HCV are the main reasons of hepatitis. 

HAV is highly contagious and spreads due to poor sanitation system, unhygienic 

environment, contamination of water and food, contact with fecal material etc. The 

virus is excreted in the stool of an infected person, which in turn may contaminate 

water, food or other products on ground. Hepatitis – A is transmitted through fecal – 

oral path. Mucosal exposure to body fluid or blood of one infected with Hepatitis – B 

is the main reason of causing the disease. Only supportive treatment can be 

provided to prevent major liver damage by reducing Hepatitis B viral replication. HCV 

is transmitted parenterally, generally through injection drug use. 20% of patients 

infected with hepatitis – C develop cirrhosis of lever and 5% of those will develop 

lever cancer. [11]. 

Recently, viral hepatitis is a global burden. In United States routine vaccination of 

children reduces incidence of hepatitis – A from 21.1 cases per 100,000 population 

to 2.5 cases per 100,000 population in the year 2003 [12]. According to CDC, in US 

number of new patients infected with HBV, and HCV in the year 2012, are 19,000, 

and 21,869 respectively [12].  

The highest prevalence of hepatitis – E is found in South and East Asia regions. 60% 

of the global incidence of hepatitis – E is in this region. In India, number of patients 

infected with viral hepatitis in the years 2012 and 2013 are 119,000 and 290,000 

respectively, which is really alarming [13]. 

Liver helps in purifying blood, producing some vital substances such as protein, 

vitamin etc., storing sugars, fats, vitamins. Inflamed liver is not able to do these 

functions properly. As a result of these different signs, symptoms may occur which 

are listed below: 

 Felling tired or weak 

 Fever 
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 Loss of appetite 

 Vomiting 

 Nausea 

 Jaundice 

People, those are at high risk of infecting with viral hepatitis are: 

 Healthcare service providers 

 People of Asia and Pacific Island 

 People working at sewage and water treatment plant 

 Intravenous drug users 

 HIV patients 

Viral hepatitis is diagnosed by testing blood of infected patients. Patients are advised 

to test blood for lever enzymes, antibodies of hepatitis virus and other parameters 

to detect the disease. Decision has to taken by evaluating these test reports. A 

decision support system may be helpful in this regard. 

 

1.7. Benefit Expected from the Proposed Study 

It is evident that automated intelligent systems to diagnose diseases such as breast 

cancer, cardiac arrhythmia, hepatitis disease, and kidney disease would be helpful to 

assist physicians in taking decisions. The proposed systems may be helpful in the 

remote and rural areas, where the health centre is suffering from acute crisis of 

domain expert. The proposed system may also be helpful for physicians, who are 

engaged in district or sub-divisional hospitals or in private practices. Another 

advantage of using such systems is that it can be implemented without investing 

much as the proposed system is cost effective. A computer or a laptop with power 

supply is sufficient to form ‘mobile healthcare unit’. The proposed model may also 

be useful to medical students. 

Domain experts are overloaded with the increasing population as well as increasing 

patients with increasing diseases. These automated systems may reduce their 

burden and at the same time efficiency will be increased. 
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These systems may be helpful for early diagnosis of diseases and better treatment 

planning, which are keys for survival of patients. 

Any knowledge of data mining, artificial intelligence and decision support system are 

not required to use the system. A person with minimum knowledge of running 

programs in computer can use the system efficiently. 

Reduced sets of features for different diseases may reduce the cost of laboratory 

tests, which is also an advantage of using the proposed systems. 

Recently, Ministry of Human Resource Development, Government of India is 

encouraging researchers to develop such decision support systems by investing 

through various funding agencies [14]. Nowadays every medical practitioner is 

familiar with the use of computer and is able to adopt such system easily. Currently, 

doctors, biomedical researchers and computer professionals are working together in 

developing projects. Some of the medical equipments, used by medical 

professionals, are embedded with expert system. 

Advancement in technology, especially in the field of information technology 

demands the use of such systems which are helpful to both doctors as well as 

general people of the society. 

 

1.8. Summary of the Research Work 

Whole research work is presented in nine chapters. Chapter wise contents are as 

listed below: 

i) Medical Scenario on Breast Cancer, Cardiac Arrhythmia and Hepatitis 

Diseases – Chapter 2:                                                                                           

In this chapter medical knowledge on diseases such as breast cancer, 

cardiac arrhythmia and hepatitis disease are discussed. Incidence rate, 

mortality rate, type of the said diseases, symptoms, reasons, diagnosis 

processes and health care services are also discussed. Various statistical 

reports in global and Indian perspective are summarized. 

ii) Soft Computing Techniques in Medical Diagnosis – Chapter 3: 

Different soft computing techniques that are used in medical diagnosis 

are presented in this chapter. Applications of these techniques and 

related works are studied and given in tabular form. Three of such 
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techniques, namely Fuzzy Expert System, Genetic Algorithm and Artificial 

Neural Network are the areas of interest. Learning algorithms such as 

Incremental Backpropagation Learning Network and Levenberg-

Marquardt algorithms are also discussed in this chapter. 

 

iii) Preprocessing of Data and Handling Missing Values – Chapter 4: 

Types of data and necessity of data preprocessing are discussed in this 

chapter. Different data preprocessing steps such as data cleaning, data 

integration, data transformation, and data reduction are described. 

Different techniques used for dimensionality reduction of data such as 

Correlation based Feature Subset Selection (CFS), Rough Set Theory (RST), 

Principal Component Analysis (PCA), and Genetic Algorithm (GA) are also 

presented. This chapter deals with the importance of handling missing 

values, the techniques used to handle missing values in the data set and 

their advantages and disadvantages. Missing value management 

procedures are analyzed to implement suitable approach for a problem 

while designing an intelligent system. 

iv) Performance Prediction Parameters – Chapter 5: 

In this chapter, various benchmarking parameters to predict the 

performance of an intelligent automated system such as precession, 

correct classification accuracy, sensitivity, specificity, Kappa statistic, lift, 

cumulative gain and probability threshold are studied. Some statistical 

and experimental approaches have been made to list of such parameters 

to judge the performance of an intelligent model in the domain of 

medical diagnosis. 

v) Breast Cancer Disease Diagnosis – Chapter 6: 

This chapter presents various attempts that have been made to develop 

intelligent models to diagnose breast cancer. Soft computing techniques 

and their combinations are implemented. This includes correlation based 

feature subset selection, rough set, principal component analysis, 

incremental backpropagation learning network and Levenberg-Marquardt 

algorithm. Finally, experimental results are produced and results are 

compared with previous studies. Observations and proposals are also 

presented. 
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vi) Cardiac Arrhythmia Diagnosis – Chapter 7: 

This chapter presents different approaches that have been made to 

develop automated system to diagnose cardiac arrhythmia. Soft 

computing techniques are implemented. Different combinations are 

tried. Genetic algorithm and correlation based feature subset selection 

are used to generate reduced feature subset. Incremental 

backpropagation learning network and Levenberg-Marquardt algorithms 

are used as classifiers. Experimental results, observations and suggestions 

are also presented. 

vii) Hepatitis Disease Diagnosis – Chapter 8: 

In this chapter multiple imputations using EMB algorithm is implemented 

to handle missing values. Different approaches are attempted to develop 

automated intelligent model to diagnose hepatitis disease. Correlation-

based feature subset selection and rough set are used for feature 

extraction. Incremental backpropagation learning network and 

Levenberg-Marquardt algorithms are used for classification. As EMB 

algorithm generates more than one imputed data sets from the data set 

with missing values, integration of the model has to be done to obtain 

final result. Two different approaches are tried to do this. Experimental 

results are discussed and compared with the previous similar studies. 

Finally, observations and proposal are noted. 

viii) Accomplishments of the Objectives and Future Scope – Chapter 9: 

This is the final chapter of our research work. It presents how we achieve 

our goal as discussed in Chapter 1. Our future extension of study is also 

included in this chapter. We conclude our discussion after mentioning the 

future scope of our study. 
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CHAPTER 2 

 

Medical Scenario on Breast Cancer, Cardiac Arrhythmia and Hepatitis Diseases 

 

2.1. Breast Cancer Domain 

2.1.1. Introduction 

Day by day breast cancer, a global problem, is intensified except some developed 

countries. According to the American Cancer Society, the estimated new breast 

cancer cases are 229,060 (both sexes) in United States only in the year 2012 [1]. The 

estimated deaths are 39,920 (both sexes); 410 (men) and 39,510 (female). In women 

after lung cancer, breast cancer ranks second as a cause of death. From different 

angles global efforts are on to manage the menace. Clinical and medical research, 

diagnostic procedures and equipments are some of the major areas of exploration. 

2.1.2. Mortality Rate 

Cancer is a group of diseases which cause abnormal change and grow of cells in the 

body. Cancer cells form a tumor and are named after the originating body part. 

Breast tissues are made up of lobules, glands producing milk, and ducts which links 

the lobules to the nipple. The remaining part is fatty, connective and lymphatic 

tissues. Two types of breast cancer are 1) Non-invasive and 2) Invasive. 

In situ type breast cancers are considered as non-invasive as it do not grow beyond 

the layers of cells where the abnormal cells are generated. In DCIS (Ductal carcinoma 

in situ) normal epithelial cells of the cells are replaced by abnormal cells which may 

greatly expand the ducts and lobules. In LCIS (Lobular carcinoma in situ) cancer cells 

grow within lobules of the breast. Other in situ type breast cancers possess the 

properties of both DCIS and LCIS. 

Most of the breast cancers are infiltrating or invasive. In invasive type the cancer 

spreads and grows through the walls of the glands or ducts where the abnormal cells 

are originated. The classification of tumors assign a stage of 0, I, II, III, or IV to breast 

cancer. Stage 0 means the breast cancer is in situ. Stage I stands for early stage of 

breast cancer. Stage IV is the most advanced stage. 

The Table 2.1 shows the estimated new female breast cancer cases and deaths by 

age in United States in the year 2015. Total numbers of new cases of invasive breast 
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cancer are approximately 231,840, out of which 40,290 deaths are expected among 

US women in 2015 and total number of in situ breast cancers are about 60,290 in US 

women in the year 2015. The median age at diagnosis for female breast cancer is 61 

years [2]. 

 

Table  2.1. Estimated New Female Breast Cancer Cases and Deaths by Age, 
United States [2] 

 

 IN SITU CASES INVASIVE CASES DEATHS 
          

AGES NUMBER %  NUMBER %  NUMBER %  
        

<40 1,650 3% 10,500 5% 1,010 3%  

40-49 12,310 20% 35,850 15% 3,690 9%  

50-59 16,970 28% 54,060 23% 7,600 19%  

60-69 15,850 26% 59,990 26% 9,090 23%  

70-79 9,650 16% 42,480 18% 8,040 20%  

801 3,860 6% 28,960 12% 10,860 27%  

All ages 60,290   231,840   40,290   

           
 
*Rounded to the nearest 10 cases. Percentages may not sum to 100% due to rounding. 

 

Figure 2.1 [3] represent incidence rates and mortality rates for female breast cancers 

by age in United States from 1975 to 2012. From the figure it is evident that in the 

year 1980s for women aged 40 years and older the incidence rates increased rapidly. 

In 1990s incidence rates stabilized for women aged 40, but increased for women 

aged 50 and above due to some reasons like obesity and the use of menopausal 

hormones. Incidence rates for women aged 20 to 39 years increased only 0.6% from 

1994 to 2012. For women aged 40 years incidence rates remained stable since 1986 

and so also for women aged 50 from 2006 to 2012. Incidence rates for women aged 

60 increased 1.0% per year since 2004 and for women aged 70 and more the 
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incidence rates of breast cancer increased 1.2% per year since 2005. From Figure 2.1 

it is also evident that in United States mortality rates for women of all ages decrease 

gradually since 1990. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

       Figure 2.1. Incidence and Mortality Rates of Female Breast Cancer by Age,  
   United States, 1975 to 2012 [3] 

 
 
 

2.1.3. Mortality rate in India and Global Comparison 
 
Recently in most cities of India breast cancer is the most common cancer and second 

most common in rural areas. Presently, out of every 100 breast cancer patients 4% 

are aged 20 to 30 years, 16% are of 30 years old and 40.28% are aged 40 to 50 years 

group. In India, of all female cancers, breast cancer accounts for 25% to 32% [4]. 

 

One third of the global breast cancer patients are collectively in United States of 
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America, India and China. Table 2.2 [4] reflects breast cancer incidence and mortality 

in USA, India and China in the year 2012 according to International Agency for 

Research on Cancer (WHO). From the table it can be said that in USA one female for 

every five or six women newly diagnosed with breast cancer is dying of it. In China 

one lady for every four female diagnosed with breast cancer is dying of it. Whereas 

in India one for every two women diagnosed with breast cancer is dying. In India the 

breast cancer growth rate should be controlled immediately to prevent major shock. 

 
 
 

Table 2.2. Breast cancer incidence and mortality in U.S.A., India and China [4] 
 

 
Breast Cancer 

 
Country 

 
Count 

 
Incidence - Female 

 
USA 
China 
India 

 
2,32,714 
1,87,213 
1,44,937 

 
Mortality - Female 

 
USA 
China 
India 

 
43,909 
47,984 
70,218 

 
 
 
 
Figure 2.2 [5] show the distribution of new cases of breast cancer along with deaths 

due to this reason and survivals. 59.69% of total world populations belong to Asian 

countries which represent 39% of the total new breast cancer cases, 44% of deaths, 

and 37% of survivors in world context. Northern America representing only 5% of 

global population has the burden of breast cancer with 15% of new cases, 9% of 

deaths and 17% of survivors showing high incidence and survival rates. African 

countries represent 15% of global population accounts for 8% of the new breast 

cancer cases, but 12% of deaths due to this reason indicating poor survivals because 

of late diagnosis and limited treatment. 
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Figure 2.2. Distribution of Estimated New Breast Cancer Cases, Deaths,      
       and Survivors [5]. 

 

 

2.1.4. Reasons of Breast Cancer  
 
Most of the breast cancer cases occur in women aged over 50 [2]. Number of factors 

are responsible for increasing risk of developing breast cancer in women : 

i) Genetic history : Women having family history of breast cancer are at a 

high risk of developing breast cancer. 

ii) Medical history : Women suffered with benign breast cancer earlier are 

at a high risk of growing breast cancer in future. 

 

Figure 1 
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iii) Late age at first pregnancy  : Older age at first live birth increases 

the risk for developing breast cancer. 

iv) Long term hormonal therapy  : Prolonged effect on sex hormone levels 

in premenopausal women increases the risk of developing breast cancer 

[6]. Hormone replacement therapy after menopause also increases the 

risk of breast cancer. 

v) Life style : Consumption of high fat diet like red meat, processed meat, 

animal fat and alcohol can cause breast cancer. Obesity or overweight 

cause hyperinsulinemia and insulin resistance, which in turn reported to 

be high risk factors for breast cancer [7]. 

vi) Breast feeding : Long duration breast feeding reduces the risk factor 

for breast cancer for a woman. 

 
 

2.1.5. Issues Related to Breast Cancer Diagnosis and Strategies to Overcome 
 
Early diagnosis of breast cancer is highly solicited for augmenting survivability. Some 

of the issues related to delayed diagnosis of breast cancer are discussed below: 

 Breast cancer diagnosis procedure 
 
Three methods to diagnose breast cancer are : surgical biopsy, 

mammography and FNAC (Fine Needle Aspiration Cytology). 

 
 
 
 Surgical biopsy : Local anesthesia is necessary for the patient 

undergoing surgical biopsy. In this case a surgeon produces 1 to 2 inch 

cut on the breast to remove all or part of the abnormal mass and 

often normal like tissues. These tissues are examined in pathological 

laboratory under microscope to check for malignancy. Surgical biopsy 

is the only test by which one can detect definitely whether the 

suspicious area is benign or malignant. At the end of the surgical 

biopsy procedure, a marking is placed in the infected area. Laboratory 

tests required 2 weak to issue report. Reports of biopsy include: 

 The cells in the lump are benign or non-cancerous. 
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 The cells in the lump are malignant or cancerous. 

 Grade and type of cancerous cells if present. It also points out 

margin, where positive margin indicates cancerous cells are 

present at the margin of the tumor, negative margin stands for 

cancerous cells are absent at the margin of the tumor, and 

close margin means cancerous cells are very much closed to 

the margin. In case of positive margin the cancer spreads 

beyond the infected area. In case of negative margin the 

cancer is confined inside the tumor. In case of close margin the 

distance between cancer cells and normal cells is less than 3 

millimeter.  

The accuracy of surgical biopsy is nearly 100%, but it is costly, invasive, time 

consuming and also painful [8]. 

 
 Mammography : It is an X-ray of the breast. Two types of 

mammogram are : diagnostic mammogram and screening 

mammogram. Diagnostic mammogram takes more time than 

screening mammogram as it takes more X-ray photography of the 

breast from different vantage points. In this process of mammography 

image of breast has been taken by a specialist using X-ray for 

investigation. The images are called mammogram. Lump, cyst, fatty 

cells and even microcalcifications can be detected in mammogram. 

For any abnormality of cells further tests may be advised for 

confirmation. If any area in breast is found suspicious, specialist 

suggests more tests like ultrasound or MRI for clearer or more precise 

image of the suspicious area. If these tests detect any solid mass, the 

observant is recommended for other test like surgical biopsy or fine 

needle aspiration cytology for detection of malignancy. Findings on 

mammogram are as follows: 

 Oval or round patches with distinct borders on mammogram 

indicate benign lump or tumor or cyst or fibroadenomas. 

 Bright white spots indicate calcifications. 

 Cluster of microcalcifications indicate chance of noninvasive 

breast cancer as it is very difficult to be confirmed about it from 

the image. 
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 White patch or mass is an indication of invasive breast cancer in 

which clear border around the tumor cells disappeared. 

In some centres reports can be obtained at the time of screening or 

investigation. Other centres, where the facilities are not available may take 2 

weak to issue report. Accuracy of mammography varies from 68% to 79% 

only [9]. 

 
 FNAC   : Fine needle aspiration cytology is a quick and 

simple procedure in which aspiration of a syringe is continued by in 

and out movement of a hollow fine needle which is protruded from 

the syringe and inserted into the tumor. As a result small amount of 

tissues from the lump or cyst or the suspicious area in the breast are 

collected and has been sent to pathological laboratory. This 

procedure of collecting sample is nearly same as blood sample 

collection procedure. In pathological laboratory a specialist or 

cytologist investigate the sample under the microscope for cancer 

cells. The total procedure of collecting sample and examining it called 

FNAC in together. No special prior preparation for performing this test 

is necessary. Sometimes the test may be uncomfortable or painful for 

the patient. Local anesthesia can be suggested in some cases if 

required to avoid pain. Some of the effects after performing FNA are: 

 pain 

 minimal bleeding or bruising and swelling 

Doctor or nurse advised the procedure of taking care of the investigating site. 

Total procedure of FNAC can be done quickly. Time required to collect sample 

is 10 to 20 seconds. Sample may be collected more than once as directed by 

doctor. This is due to the reason of ensuring good sample collection. 

Examination procedure takes only 20 to 30 minutes. 

Some risk factors of FNA are: 

 post effect bleeding and bruising. 

 if the position of lump is deep inside a small breast, 

complications of Pneumothorax may happen. 

 FNA is not 100% accurate. 



 
27 Chapter 2 

Accuracy of FNAC with visual interpretation varies from 65% to 98% [10] 

depending on the experience of the doctor. 

 

2.2. Cardiac Arrhythmia Domain 
 

2.2.1. Introduction 
 
At present cardiac arrhythmia has become one of the major problems world-wide. It 

affects not only male and female of older ages, but young people of ages 20s and 30s 

are also diagnosed with this disease nowadays. Growing obesity among young adults 

is one of the reasons behind it. Figure 2.3 shows normal heart and heart with cardiac 

arrhythmia. 

 

 

               

  Figure 2.3. Normal Heart and heart with Cardiac Arrhythmia 

 

There are four chambers in our heart — two upper chambers known as atria and two 

lower chambers known as ventricles. The sinus node, a natural pacemaker, normally 

controls the rhythm of heart. The sinus node is located in the right atrium. Normally 

each heart beat initiated by the electrical impulses, which is produced by sinus node. 



 
28 Medical Scenario on Breast Cancer, Cardiac Arrhythmia and Hepatitis Diseases  

The electrical impulses from the sinus node move across the atria, which causes the 

muscles of atria to contract and as a result blood is pumped into the ventricles. 

When the signal reach atrioventricular node (AV node), generally the only pathway 

of electrical impulse from atria to the ventricles, it slows down the electrical signal, 

which in turn helps the ventricles to fill with blood due to this slight delay. The 

contraction of muscles of the ventricles due to electric impulses causes the muscles 

to pump blood to lungs or to the rest of the body. In a normal and healthy heart, this 

process of pumping blood usually goes smoothly, causing normal heart rate of 60 to 

100 beats a minute. If the electrical impulses, which cause heart to beat, are not 

working properly, results in cardiac arrhythmia. Due to this reason the heart beat 

may be too slow or too fast or in irregular fashion. 

Early management of this disease and proper medication can save lives in case of 

sudden deaths [11]. ECG or EKG (Electrocardiogram) is one of the main diagnostic 

tools to detect heart function which produces a graphical diagram of heart’s 

electrical impulses. Cardiac arrhythmia means irregular heart beat: either heart beat 

rate is too slow (less than 60 beats per minute) referred to as Bradycardia or heart 

beat rate is too fast (more than 100 beats per minute) referred to as Tachycardia 

[Figure 2.4]. Heart’s ability to pump blood may be reduced due to severe cardiac 

arrhythmia, which can cause pain in chest, dizziness, fainting, shortness of breath 

etc. 
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       Figure 2.4. Human ECG Pattern 
 
 
 
 

2.2.2 Mortality Rate 
 
A life threatening situation can arise when heart’s ability to do work reduced greatly 

for a prolonged time. Recently cardio vascular diseases have become one of the 

major causes of death in both developed and developing countries. Sudden losses of 

ability of heart to work in an individual may or may not have previously identified 

with cardiac diseases can cause unexpected death. Patients with Coronary Artery 

disease (CAD) have the complications of Ventricular Tachycardia which causes 

majority of fatal cases that occurs in the acute stage of ischemia. According to 

American Heart Association 81.1 million adults of America are suffering from one or 

more types of cardio vascular diseases (CVDs) and  among  them 34.3% death cases 

are reported due to this cause in 2009 [12]. Year-wise statistics of cardiac arrests due 

to heart diseases and stroke from 2012 to 2016 are given in Table 2.3 [13] as 

published by American Heart Association. 
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Table 2.3. Cardiac Arrest Statistics sourced from the Resuscitation 
Outcomes Consortium Cardiac Epistry and get with the Guideline – 

Resuscitation data [13]. 

Out of hospital cardiac arrest 
 

In – hospital cardiac arrest 

2016 
   Incidence      : more than 350,000 
 
   Survival rate :  12% 
 

2016 
   Incidence      :  209,000 
 
   Survival rate (Adult) :  24.8% 
Survival rate(Children): not available 
 

2015 
   Incidence      :  326,000 
 
   Survival rate :  10.6% 
 

2015 
   Incidence      :  209,000 
 
   Survival rate (Adult) :  25.5% 
Survival rate(Children): not available 
 

2014 
   Incidence      : 424,000 
 
   Survival rate :  10.4% 
 

2014 
   Incidence      : 209,000 
 
   Survival rate (Adult)     :  22.7% 
   Survival rate (Children): 36.8% 
 

2013 
   Incidence      :  359,400 
 
   Survival rate :  9.5% 
 

2013 
   Incidence      : 209,000 
 
   Survival rate    (Adult) :  23.9% 
   Survival rate(Children):  40.2% 

2012 
   Incidence      : 382,000 
 
   Survival rate :  11.4% 
 

2012 
   Incidence      : 209,000 
 
   Survival rate (Adult)    :  23.1% 
   Survival rate(Children):  35% 
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2.2.3. Mortality Rate in India 
  
Most of the literatures used sudden cardiac death (SCD) statistics as obtained from 

different studies made on data available for North America and Western Europe. 

Very few Asian countries conducted studies to estimate incidence of SCD. Recently 

Coronary Artery Disease (CAD) in India is increasing which causes an increase in 

sudden cardiac death. A study based on verbal autopsy by Rao et. al. in 2012 

reported that 10.3% of overall mortality are due to SCD [14]. 

Incidence of SCD is high at infancy and beyond the age of 45 years irrespective of sex 

and race as the risk of CAD increases with increasing age. Arrhythmogenic disorder is 

one of the common causes of SCD in young population. Ventricular Tachycardia is 

one of the main reasons of SCD occurrence. In a study 70% of SCD patients are 

identified with Ventricular Tachycardia  if detected within five minutes of cardiac 

arrest, which reduced to 43% if detected later in the incident [15]. 

 

 

2.2.4. Reasons of Cardiac Arrhythmia 
 
Some internal  and  external  factors are responsible  for Cardiac Arrhythmia. Fever, a 

temporary internal factor disorders heart rhythm temporarily. Some other factors 

are responsible for permanent disorder of heart rhythm. These factors are discussed 

below: 

 
External Factors : 
 

 Anxiety, fear, mental stress, nervousness. 

 Alcohol, Caffeine (from coffee), toxins, drugs. 

 Hormonal medication such as thyroid hormones. 

Internal Factors : 
 

 Temporary factors like infections, fever, electrolyte imbalance such as 

Potassium disorder. 

 Heart attack or stroke or Coronary Artery Disease. 

 Hypertension. 
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 Inflammation of muscle of heart. 

 Structural problems of heart. 

 Thyroid diseases. 

 Problems in electrical impulse generation and propagation system.   

 

2.2.5. Issues Related to Cardiac Arrhythmia Diagnosis  
 
Specialists used to review symptoms, family history, health habits such as physical 

activity, smoking etc. and then conducted some physical examinations like listen to 

rate and rhythm of heartbeat, check pulse to detect how fast heart is beating etc. 

Doctors also used to perform some tests to monitor heart which may include: 

• Electrocardiogram (ECG) : Using this test abnormal rhythm of 

heartbeat can be detected by measuring timings and duration of each 

electrical phase of heartbeat. 

• Echocardiogram : This test is performed to produce an image of 

heart’s size, structure and motion. 

• Holter monitor : In this case a portable ECG device is attached to the 

body of the patient for a day or more to record activity of heart. 

• Event monitor : In this case also patients are used to wear a portable 

ECG device and by pressing a switch activity of heart can be recorded 

during an incidence of symptoms. 

• Stress test : In this case activity of heart is monitored while patients 

are exercised on treadmill or on bicycle. 

• Tilt table test : This test is used to record heart rate and blood 

pressure during different positions of the body. 

• Electrophysiological testing and mapping: In this case electrodes are 

placed at different spots within heart to map spread of electrical 

impulses within heart to detect the location of arrhythmia and the 

cause. 
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Automated ECG classification techniques attempt to diagnose cardiac 

arrhythmia using known data set. Recently, it has become an emerging tool 

for specialists to diagnose cardiac arrhythmia due to following reasons: 

 Analyzing ECG reports visually is complex and also time consuming. 

Expertise is required to detect problems in ECG [16]. 

 Moreover most of the above tests are not available in all health 

centres especially in rural areas. 

 In India health services and health personnel are not sufficient in 

comparison to population and also not distributed equally across and 

within states. People in rural areas are suffering from poor health 

related services. 

 Early diagnosis is needed to prevent major damages. 

 

2.3. Hepatitis Disease Domain 

2.3.1. Introduction 

Hepatitis disease is a systematic infection related to liver which is very vital organ. It 

causes an inflammation of the liver without pinpointing any specific reason [17]. 

There are five viruses known as hepatotropic viruses, which are responsible for 

causing hepatitis : A-virus (HAV), B-virus (HBV), C-virus (HCV), D-virus (HDV) and E-

virus (HEV). In the recent years it has become one of the major diseases worldwide. 

More casualties are reported due to this reason. At present there are 2 million 

people infected with Hepatitis-B virus, and 200,000 to 300,000 people infected with 

Hepatitis-C virus [18]. Infection with HAV or HEV can cause sudden fever, jaundice 

and in some persons acute liver failure (ALF). Infection with HBV, HCV or HDV can 

cause liver cirrhosis or liver cancer. 

 

2.3.2. Mortality Rate 

According to WHO Global Hepatitis report 97% of all hepatitis mortality are caused 

by HBV and HCV in the Western Pacific region. Remaining 3% of deaths in the region 

are due to HEV and acute hepatitis B. In 2015, 1.34 million deaths are caused by viral 

hepatitis, which is increasing over time. In 2015, 720,000 people were died due to 

cirrhosis of liver and 470,000 people were died due to hepatocellular carcinoma. In 
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2015 there are 257 million people infected with HBV and 71 million people infected 

with HCV. Hepatitis disease related deaths are more in China followed by Philippines 

and Viet Nam. Figure 2.4 and Figure 2.5 show country-wise hepatitis disease 

mortality in 2015. 

 

 
Figure 2.4. Source: Global Health Estimates 2015: Deaths by Cause, Age, 
Sex, by Country and by Region, 2000-2015. Geneva, World Health 
Organization; 2016. 
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Figure 2.5. Source: Global Health Estimates 2015: Deaths by Cause, Age, 
Sex, by Country and by Region, 2000-2015. Geneva, World Health 
Organization; 2016. 

Year wise incidence of hepatitis A, hepatitis B and hepatitis C in United States 

from 1980 to 2014 are illustrated in Figure 2.6, Figure 2.7, and Figure 2.8 

respectively [19]. 

 
Figure 2.6. Reported Cases of Hepatitis A: Nationally and by State or 
Jurisdiction – United States, 1980 – 2014 [19].  

 



 
36 Medical Scenario on Breast Cancer, Cardiac Arrhythmia and Hepatitis Diseases  

 
Figure 2.7. Reported Cases of Hepatitis B: Nationally and by State or 
Jurisdiction – United States, 1980 – 2014 [19]. 
 
 

 
Figure 2.8. Reported Cases of Hepatitis C: Nationally and by State or 
Jurisdiction – United States, 1980 – 2014 [18]. 
 

2.3.3. Mortality Rate in India 

In India, viral hepatitis is one of the major health problems. The country has a 

burden of 40 million people, who are infected with HBV i.e. 11% of the global 
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burden. 3% to 4% of Indian population is infected with HBV. In India, the prevalence 

of viral hepatitis varies from region to region and the percentage of HBV infected 

people is recorded as the highest in native Andaman and Arunachal Pradesh. Tribal 

areas are suffering more from this disease in comparison to non-tribal areas as 

obtained from different statistical reports. Prevalence of population with HCV 

infection in India is around 1%. Prevalence of HCV is higher in Punjab, Haryana, 

Andhra Pradesh, Puducherry, Arunachal Pradesh and Mizoram. Acute viral hepatitis 

and acute liver failure are mainly caused by HAV and HEV. HAV causes 10% to 30% of 

acute hepatitis and HEV causes 10% to 40% of acute hepatitis in India. In India, 5% to 

15% of acute liver failure and 15% to 45% of acute liver failure are caused by HAV 

and HEV respectively [20]. 

 

2.3.4. Reasons of Hepatitis 
 
Three main viruses causing hepatitis are HAV, HBV and HCV. Hepatitis A, B and C may 

be acute and can last for not more than six months. Hepatitis B and C can be chronic 

and may last for long period of time. Each of these hepatitis transmits in different 

ways as described below: 

 
• Hepatitis – A 

HAV causing hepatitis – A is mainly transmitted to human body through 

food and water contaminated with this virus. Injection syringe and anal-

oral contacts are also sources of this virus. Undeveloped areas having 

poor sanitation are at risk of spreading HAV. 

• Hepatitis – B 

Hepatitis – B is caused by contacting with body fluids like blood, saliva, 

semen etc. infected with HBV. It can transmit to an infant during breast 

feeding if the mother is infected with this virus. 

• Hepatitis – C 

This disease is mainly transmitted due to the poor health care system in 

terms of infection control. HCV, which causes this disease spreads 

through different injuries on the skin. 
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• Hepatitis – D 

Like hepatitis – B, hepatitis – D also transmitted through contact with 

blood or blood products infected with HDV. In case of HDV there is a 

little possibility of vertical transmission. 

• Hepatitis – E 

HEV causing hepatitis – E is mainly transmitted through drinking water 

contaminated with faeces of infected people. Poor sanitation is the main 

cause of this type of contamination. Undercooked meat of infected 

animal and transfusion of blood products infected with HEV are other 

routes of this disease. Vertical transmission is also possible from an 

infected pregnant woman to her fetus. 

 

2.3.5. Issues Related to Hepatitis Disease Diagnosis  
 
Diagnosis of viral hepatitis can be done by examining physical conditions of patient 

and the reports of blood tests for hepatitis antibodies as prescribed by physicians. In 

addition some other tests are performed to detect liver functions. Different types of 

viral hepatitis causes similar symptoms to patients infected with the disease. For this 

reason laboratory testing must be needed to detect an individual is suffering from 

which type of hepatitis. Different blood tests which are performed to diagnose each 

type of hepatitis are given in Table 2.4. 
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Table 2.4. Blood Tests to Diagnose Hepatitis 

Test Interpretation 

HAV 
       HAV IgM 
        
        
       HAV total Ab 

 
Positive indicates infection. Negative indicates no 
infection. 
 
Positive indicates immunity against HAV infection. 
 

HBV 
       HBs Ag 
       
       HBc total Ab 
       
       HBc Ab IgM 
       
       HBe Ab 
       
       HBe Ag 
       
       HBs Ab 

 
Positive result indicates infected with HBV. 
 
Positive report indicates present or past infection with 
HBV. 
Positive result determines age of infection ( 4 to 6 
months). 
Positive report specifies response to treatment. 
 
Positive result indicates high infectivity. 
 
Positive report represents immunity against HBV. 
 

HCV 
       HCV Ab 
 
        
 
       HCV RNA 
 

 
Positive report with positive result of HCV RNA 
indicates infection with HCV. Positive result with 
negative report of HCV RNA indicates immunity against 
HCV. 
Positive result indicates HCV infection. 
 

HDV 
       HDV total Ab 
 
       HDV IgM 

 
Positive report with the positive result of HBs Ag 
indicates HBV/HDV coinfection. 
Presence with the positive report of HBs Ag indicates 
coinfection with HBV/HDV. 

 
 
 

2.4. Issues Related to Healthcare Service in India 

In terms of population India is the second highest country in the world. Birth rates 

continue to be increasing in most of the states in India. Increasing population in India 

causes the present health care structure to become overburdened. Major problems 
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in this respect are discussed follows: 

 Poor health services in rural areas 

Though 75% of total population are in rural areas, most of the hospitals are in 

urban areas and cities. Moreover doctors are not preferring to serve in rural 

health centres. This service is largely provided by urban hospitals. Health care 

service in rural areas should not be neglected. 

 Unavailability of modern health services 

Modern health facilities are only available in urban areas and especially in 

metropolitan cities, while rural and remote areas are underserved. For this 

reason people from rural areas are suffering more to have modern health 

services. Unavailability of modern diagnostic methods at all parts of the country 

causes a delay in diagnosis and treatment. The growth of health services should 

be balanced at all parts throughout the country. 

 Shortage of manpower 

Shortage of doctors, nurses and other staffs related to health care service is a 

real problem in India. In India there are only 0.9 doctors per 1000 people as per 

report published in 2010. For this reason doctors are overburdened. Availability 

of expert clinicians may help to reduce the delay in medical diagnosis. Care 

should be taken in this matter to avoid delay in proper diagnosis. 

 Need of improved health care system 

Improved health care system should be provided in all areas to detect diseases at 

an early stage to reduce mortality and morbidity rates. Some programmes and 

policies should be implanted after collecting sufficient data. Awareness 

campaigning is required to prevent delayed diagnosis of different diseases as 

well as to increase survival rate. 

 Skill development programme 

More programmes to improve knowledge and skill of technical staff associated 

with health care system are urgently needed to diagnose the disease correctly. In 

rural and remote areas most of the people visits general practitioners for 

treatment and guidance initially. Most of these practitioners in rural areas are 

not highly qualified and do not have expertise in all streams. Quality 

improvement programmes in national level for all of these practitioners are 

needed for better management of diseases. 
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2.5. Needs of Alternative Health Care Management 
 
 
Providing better health care management in all parts of India, especially in rural and 

remote areas, is a great challenge. India spends only 4.2% of GDP on health care 

services, which is very low. Rural populations are suffering from acute scarcity of 

domain experts, modern diagnosing methods and poor health services. Doctors are 

also overburdened, which is a real problem indeed. Delayed diagnosis of diseases in 

underserved areas is a vital cause of mortality. 

Sufficient numbers of experienced specialist from different domain are needed for 

providing better health care services. Unfortunately doctors are not willing to serve 

in rural and remote areas.  

The reasons as stated above leading to consider of an alternative health care 

management system.  An automated system such as Expert System (ES) or Decision 

Support System (DSS) might be useful. This may help to process information as 

collected from patients and diagnose the diseases. It might be capable of providing 

future treatment plan as well. 

Health care service providers are processing huge data about various symptoms and 

diseases regularly due to increasing number of patients. Few of these data are 

uncertain and unrelated. Thus a proper way to classify data as well as proper data 

mining techniques is absolutely required, which are discussed on the next few 

chapters. 

 

2.6. Conclusion 
 
Early diagnosis of diseases and better treatment planning are absolutely needed for 

augmenting survivability from different diseases, especially in remote and rural 

areas. Acute scarcity of experienced domain experts and staffs related to health care 

services and proper infrastructure in rural areas are the main reasons for poor health 

care service in India, which demanding the need of automated expert system for 

early management of the diseases. This automated system may assist health 

personnel in diagnosing diseases and making decisions accurately. 
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CHAPTER 3 

 

Soft Computing Techniques in Medical Diagnosis 

 

3.1. Introduction 

In recent years disease diagnosis has become a complicated process as the number 

of diseases and the symptoms of each disease are increasing rapidly. It requires 

experienced domain experts for proper identification of diseases. Delayed and 

improper diagnosis is dangerous to human life. 

As the burden of patients with various symptoms and diseases to doctors are 

increasing regularly, the medical professionals have to process tones of data to 

diagnose diseases properly. Some of these data may be unrelated, uncertain and 

ambiguous. Thus the diagnosis process is totally dependent on the ability of the 

domain experts. Due to this situation computer aided disease diagnosis system may 

be useful. Moreover acute shortage of doctors and poor health services in remote or 

rural areas can be compensated with the use of soft computing techniques in disease 

diagnosis. 

Soft computing techniques in medical diagnosis are now becoming popular day by 

day. Recently, it plays an important role in medical domain, which is easy to use also 

cost effective. Vague and uncertain data which makes the disease diagnosis process 

too complicated can be handled by soft computing efficiently. As the volume of data 

related to diseases and their complexities are increasing regularly, diagnosis of 

diseases become more complicated for health service providers. For this reason this 

field of medical science can be merged with soft computing techniques and artificial 

intelligent system to assist physicians to diagnose different diseases accurately in 

less time. Computer aided disease diagnosis techniques like soft computing, data 

mining, and intelligent systems may be useful for disease diagnosis, prognosis, 

decision making and better treatment planning. 

 

3.2. Soft Computing 

Lofti A. Zadeh, Professor, University of California, Berkely, U.S.A., was the first to 

introduce the term “Soft Computing”. According to Professor Zadeh, soft computing 

techniques possess the tolerance of imprecision, uncertainty, partial truth [1]. In 
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conventional computing it is very difficult to handle vague or uncertain data 

precisely. As a result, sometimes a lot of computation time may be required in 

conventional computing. Soft computing differs from conventional computing in this 

respect. A bundle of various computing tools constitute soft computing, which can 

handle uncertainty, imprecision, partially truth and approximation to get the result 

as golden standard. It basically provides solutions to problems accurately in less time 

and also in low cost. 

Few of various techniques such as Fuzzy Expert System (FES), Genetic Algorithm 

(GA), Artificial Neural Network (ANN) constitute soft computing, which are found to 

be useful in diagnosing diseases. 

 
 

3.2.1. Fuzzy Expert System 

Fuzzy logic provides an efficient technique that plays a vital role in uncertain 

environment. It deals with Linguistic Variables whose values are sentences or words 

and which take the truth values ranges from 0 to 1. As a result situation of partial 

truth whose truth value ranges between 0 (completely false) and 1 (completely true) 

can be handled efficiently by fuzzy logic. As a result this technique is capable of 

handling vague and incomplete data. In real field fuzzy logic can be implanted in 

both hardware and software to solve some problems in a way by examining the past 

and forecasting the future [2]. 

Fuzzy expert system, an application of fuzzy logic produces exact output from vague 

or uncertain input. It is capable of processing approximate reasoning and producing 

an exact solution to a problem. The main features which distinguish fuzzy expert 

system from other mathematical logic are: 

(1) Able to solve problems by analyzing the past 

(2) Able to work with heuristic information or knowledge. 

(3) Capable of handling vague, uncertain, imprecise, partial true and 

approximate information. 

Thus fuzzy expert system may be used as an effective tool to overcome the problem 

of shortage of medical professionals and also to assist medical practitioners by 

diagnosing diseases accurately. Stages in fuzzy logic to diagnose diseases are as 

follows: 
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(1) Fuzzify all input variables such as symptoms, data related to laboratory 

tests into fuzzy membership functions. 

(2) Generation of fuzzy rules. 

(3) The fuzzy inference engine executes all possible rules in the fuzzy rule 

base to generate output functions. 

(4) Defuzzify the output functions to output or crisp value. 

Figure 3.1 gives the architecture of fuzzy expert system. 

 

 

 

 

 
 
 Figure 3.1. Architecture of Fuzzy Expert System 
 
 
 
 
 
 
Implementation of fuzzy expert system to diagnose various types of disease has 

been found in many literatures. In 2000, ECG beats were classified using fuzzy 

clustering neural network algorithm [3], which produces better result. They used 

Gustafson Kessel (GK) algorithm to train the network for ECG beat classification. 94% 

accuracy was achieved to identify heart disease in patient based on Cleveland 

Foundation data set using fuzzy expert system [4]. Model has been designed using 

fuzzy logic to generate rules to assist doctors in diagnosing tuberculosis [5]. In 2012, 

A. V. Senthil Kumar  presented a model based on fuzzy resolution mechanism to 
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diagnose heart disease [6]. T. S. Zeki et al. in 2012 proposed a model based on fuzzy 

expert system implemented in VP – Expert to diagnose type of diabetes disease [7]. 

In 2013, P. Sharma et al. designed a decision support system using fuzzy logic to 

diagnose malaria and dengue [8]. In 2013, M. Rana et al. presented a model based 

on fuzzy logic to diagnose hemorrhage, brain tumor, cardiac disease and thyroid 

disease [9]. They used Mamdani inference model. An hybrid approach to identify 

coronary heart disease by combining Genetic algorithm with fuzzy logic was 

proposed by Y. N. Devi et al. in the year 2014 [10]. In this case Genetic algorithm was 

used to optimize the membership functions. V. Pabbi proposed a fuzzy inference 

system with five (5) inputs and one (1) output to diagnose the type of dengue fever 

in the year 2015 [11]. The proposed system achieved more than 95% accuracy. In 

2015, Akinyokun O.C. et al. proposed an expert system bsed on fuzzy logic to identify 

heart failure disease [12]. Some literatures proposed Neuro-Fuzzy combined 

approach to obtain better performance. This hybrid approach may perform better as 

the features of each may remove the demerits of one another to some extent. 

Few of the related works implementing fuzzy expert system in diagnosing different 
diseases, methods used in these works and the results obtained by the proposed 
models are listed in Table – 3.1. 
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Table 3.1. Some Works based on Fuzzy Expert System 

 
Disease Diagnosed 

 
Methods Used 

 
Results 

 

ECG beat classification Fuzzy self organizing neural 
network trained with 
Gustafson Kessel (GK) 
algorithm 
 

Proposed system performed  
better 

Heart disease Fuzzy Expert System using 
Mamdani inference model 
 

94% accuracy based on 
Cleveland database 

Tuberculosis Fuzzy logic 
 

Better performance 
 
 

Heart Disease Fuzzy Resolution 
Mechanism 
 

Proposed system achieved 
91.83% accuracy 

Diabetes Fuzzy Expert System 
implemented in VP – Expert 
 

Better performance of the 
proposed system 

Malaria and Dengue Fuzzy logic implemented in 
MAT LAB 
 

Performed better 

Hemorrhage, Brain 
Tumor, Cardiac Disease, 
Thyroid Disease 
 

Fuzzy Expert System using 
Mamdani inference method 

Proposed system performed 
better 

Coronary Artery 
Disease 

Fuzzy Expert System 
combined with Genetic 
Algorithm 
 

88.79% accuracy was 
achieved 

Dengue fever Fuzzy Expert System 
implemented in MAT LAB – 
7.10 
 

95+% has been achieved by 
the proposed system. 

Heart Failure Disease Fuzzy Expert System Accurate result has been 
achieved based on several 
decision variables. 
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3.2.2. Genetic Algorithm 

Genetic algorithms are search based optimization algorithms based on natural 

evolution processes like natural selection and natural genetics [13]. Genetic 

Algorithms were first introduced by John Holland and his colleagues at the University 

of Michigan, U.S.A. It is a powerful search technique, used to obtain optimal 

solutions or solutions closed to optimal solutions for complicated problems, which 

may take life-time to solve, otherwise. In Genetic Algorithm a subset of all possible 

solutions, called population analogous to population of human beings, is taken into 

consideration initially. Population initialization can be done either randomly or 

heuristically. Each encoded solution in the population is called chromosome. It is an 

important step to choose proper encoding technique depending on the problem. A 

fitness value, evaluated from object scoring function or fitness function, is assigned 

to each solution (or candidate solution), which reflects how good the solution is for 

the given problem. Solutions with higher fitness values i.e. fitter individuals (parents) 

are chosen for applying genetic operators – crossover and mutation to generate 

population for next generation, which yields better solution to the problem. It is 

analogous to Darwin’s theory of “Survival of the fittest”. This process of evolution is 

repeated until the stopping criteria achieved. The stopping criteria may be one of the 

following: 

a) No better solution is evolving 

b) Fitness value reached to a predetermined value. 

c) Absolute number of generations has been evolved 

In recent years the task of diagnosis of diseases in medical science has become one 

of the complex processes due to large variety of diseases and their symptoms. To do 

this a large volume of data has to be processed to identify a particular disease. One 

of the main advantages of Genetic Algorithm is that it performs better in comparison 

to other approaches for optimization when the search space is large or may be huge. 

It results in optimal combinations of search. Recently, Genetic Algorithm has been 

applied in many areas including diagnosis of diseases as it is one of the best 

optimization approaches. In diagnosing of a particular disease each attribute of 

interest are coded into binary string (chromosome) to form initial population. A 

fitness value is assigned to each chromosome. Chromosomes with higher fitness 

values are chosen for crossover and mutation to form population for next 

generation, which is more precise with reduced number of attributes. Figure 3.2 

represents the steps in Genetic Algorithm.  
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In some cases it becomes very hard to analyze the important information, which is 

lying hidden inside the data set used for medical research. In those cases meta-

heuristic search algorithm like Genetic Algorithm plays an important role to find 

optimal or nearly optimal solution in a reasonable time. Thus medical practitioners 

may be benefited by applying this algorithm to solve medical problems with 

complicacy. Areas of application of Genetic Algorithm in medical science may include 

disease screening, diagnosis, treatment planning, pharmacotherapy, prognosis and 

health care management [14]. 

 
 
 
 

 

 

  

 

 

  

 

 

  

 

 

  

 

 

 

 

Figure 3.2. Steps in Genetic Algorithm 
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Use of Genetic Algorithm in medical diagnosis has been found in many literatures. 

E.P. Ephzibah presented a paper in which Genetic Algorithm was used to generate 

best feature subset based on UCI Diabetes dataset. After extracting features an 

effective prediction was made using Fuzzy Logic on the dataset with reduced 

features. This approach of combining Genetic Algorithm with Fuzzy Logic demanded 

as a cost effective approach and also produced better result as compared to other 

related works [15]. In a study an hybrid approach of wrapping Genetic Algorithm 

with Bayes Naïve (BN) classification was suggested to diagnose Coronary Artery 

Disease (CAD) [16]. The work used CAD dataset containing two classes defined with 

13 attributes. In this work Genetic Algorithm was used to determine subset of 

features in each generation, which has been classified using BN classifier. The most 

relevant attributes were obtained from the final step, which yielded better result as 

compared to other methods. F. Tchier et. al focused on Fuzzy relational model in 

combination with Genetic Algorithm for early diagnosis of breast cancer to reduce 

high cost of treatments of breast cancer. This work used Saudi breast cancer 

diagnosis database. The proposed model exhibited high classification accuracy based 

on few simple rules [17]. In a study Parkinson’s disease has been diagnosed based on 

speech analysis using Genetic Algorithm and Support Vector Machine (SVM) in 

combination. In this study Genetic Algorithm was used to select optimized features 

from all extracted features and SVM was used for classification. The results showed 

that an accuracy of 94.5% was achieved with extracting four optimized features [18]. 

D. Dhanwani et. al presented a hybrid model by integrating Genetic Algorithm and 

Back Propagation Algorithm to predict stroke disease. In this study Genetic 

Algorithm was used to improve the performance of Back Propagation Algorithm. 

From this work it is evident that GA-NN approach yielded better average prediction 

accuracy as compared to the traditional Artificial Neural Network (ANN) [19]. P. 

Johnson et. al showed the potential of Genetic Algorithm by generating a small set of 

attributes rather than all the single significant features to predict the progression of 

Alzheimer’s disease using a prediction model based on Logistic Regression. In this 

paper Genetic Algorithm was used to select one or more sets of neuropsychological 

features that can predict the progression of Alzheimer’s disease with high accuracy 

and Logistic Regression was used to develop predictive model [20]. B. Kaur et. al 

aimed to design a model based on Genetic Algorithm to predict heart disease. An 

accuracy of 73.46% was achieved by their suggested predictive model [21]. A Genetic 

Algorithm based fuzzy logic was suggested in a study for computer aided diagnosis 

scheme in medical imaging. The proposed scheme was implemented to differentiate 

myocardial heart disease from images of Echo Cardio Graph (ECG) and also to detect 

and classify clustered micro-calcifications from mammograms. The result they 

obtained may claim a good performance of the proposed system [22]. An automated 



 
52 Soft Computing Techniques in Medical Diagnosis  

system has been proposed to diagnose hepatitis disease, one of the major problems 

world-wide, based on Genetic Algorithm in combination with Wavelet Kernel (WK) 

Extreme Learning Machine (ELM), which is a single layer neural network. In this study 

three adjustable parameters and the number of hidden neurons were tuned by using 

Genetic Algorithm. Experiments were made on UCI hepatitis disease dataset. The 

classification accuracy of the proposed GA-WK-ELM method was obtained as 

92.7273% [23]. A study attempted to design an intelligent system based on Genetic-

Fuzzy hybrid system to diagnose Chikungunya at an early stage. The proposed model 

attempted to identify Chikungunya based on complaints from patients (symptoms) 

before doing any laboratory test. It has been suggested that this type of automated 

system is very much useful for medical diagnosis at initial level as it provides decision 

by correctly predicting the type of fever i.e. whether the patient is suffering from 

Chikungunya or not [24]. Table3.2. presents a list of studies where Genetic Algorithm 

performed better in diagnosing diseases. 
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Table 3.2. List of Studies where Genetic Algorithm Performed Better 

 
Disease Diagnosed 

 
Methods Used 

 
Results 

 

Diabetes Genetic Algorithm in 
combination with Fuzzy 
Logic 

87% accuracy 

Coronary Artery Disease Genetic Algorithm in 
combination with BN 
classifier 

 

85.5% accuracy 

Breast Cancer Fuzzy relational model in 
combination with Genetic 
Algorithm 
 

96.67% accuracy based on 4 
rules 
 
 

Parkinson’s disease Genetic Algorithm in 
combination with Support 
Vector Machine 
 

94.50% accuracy for 4 
optimized features 

Stroke disease Back Propagation Network 
in combination with 
Genetic Algorithm 
 

98.67% accuracy 

Alzheimer’s disease Genetic Algorithm in 
combination with Logistic 
Regression 
 

Performed better 

Heart disease 
 

Genetic Algorithm 73.46% 

Heart disease Genetic Algorithm in 
combination with Fuzzy 
Logic 
 

88.5% accuracy  

Hepatitis Genetic Algorithm in 
combination with Wavelet 
Kernel Extreme Learning 
Machine 
 

92.7273% accuracy 

Chikungunya Genetic Algorithm in 
combination with Fuzzy 
Logic 

88% accuracy 
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3.2.3. Artificial Neural Network 

Motivated by the improvement of neurobiological science, researchers attempted to 

develop model of neurons of human brain to solve complex mathematical problems 

like image processing, pattern recognition etc. by simulating neural behavior. The 

fundamental structural and functional unit of human brain is neuron, which helps in 

the unidirectional flow of impulse, received from other neurons through links, called 

dendrites. Figure 3.3 depicts biological neuron.   

 

 

 

        Figure 3.3. Biological Neuron 

 

 

The main three components of neuron are : dendrites, soma and axon. The dendrites 

are branched extension of soma. Its branching helps it to collect the impulse from 

end plate of axon of other neuron. Soma transmits impulse from dendrites to the 

axon. Axon helps to transmit impulse to other neurons. Synapse is the region of 

junction between two neurons that helps in impulse conduction. The incoming 

signals are summed up in soma and the cell fires when the sum reaches a threshold 

value. 
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Artificial Neural Network (ANN) mimics the workings of biological neuron of human 

brain. The neurons are connected to one another by connection links. Each of these 

links has a weight. In the year 1943, Mc Culloch and Pitts were the first to introduce 

mathematical model of neuron as shown in Figure 3.4 [25]. This model of neuron is 

the basis of the discipline of ANN. Each input line is associated with a weight, which 

is normalized in the range (0,1) or (-1,1). The summing part produces weighted sum. 

The activation function f produces only a binary output depending on the threshold 

value. In the literatures different forms of ANN are there for performing different 

tasks. Depending upon the functions to be performed different neural network 

models assume different architectures and modes of operation for the network.  

 

 

   

 

 

 

             
 

 

                           . 
 

 

 
   

 Figure 3.4. McCulloch-Pitts Model of a Neuron 
 

 

 

Modeling with ANN involves two important tasks, namely, design and training or 

learning the network. The design phase of a network involves – (1) fixing the number 

of layers (2) fixing the number of neurons for each layer (3) the node function for 

each neuron (4) the connectivity patterns between the layers and the neurons (5) 

the type of network, whether feedback or feed-forward. 

In neural network neurons are organized in different layers. All the neurons of the 

same layer possess same behavior. Input layer, hidden layer and output layer are the 

names of different layers in neural network architecture. The neurons in the input 

layer are passive and simply transmit the input signal to the neurons in other layer. 

The layer, which is in between the input and output layer is known as hidden layer. 

The neurons in the hidden and output layers are active and modify the signal as 

received through a link depending on the weight applied to the link. Depending on 
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the architecture there are two kinds of neural network, namely, single layer network 

and multi layer network.  

Figure 3.5(a) represents a single layer neural network. It is the simplest kind of 

network with neurons arranged in two layers – input layer and output layer. It is 

referred to as single layer because only the neurons of output layer perform 

computation depending on the input transmitted by the neurons in the input layer 

and weight of the links connected to the neurons. This type of network is useful for 

solving pattern classification problems. 

Figure 3.5(b) represents a multilayer neural network. In multi layer neural network 

there is at least three layers. Hidden layers are employed in between input layer and 

output layer. Neurons in hidden and output layers are able to perform computation. 

Any type of problem can be solved by this kind of network with nonlinear activation 

function. 

 

 

 

Figure 3.5(a). Single Layer Network 
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 Figure 3.5(b). Multi Layer Network 

 

3.2.3.1. Activation Function 

Generally, the activation function for each of all the neurons of the same layer is 

same. Different types of activation function are taken into consideration. Some of 

them are discussed below pictorially. 

 Linear Function 

  It is also known as identity function and is of the form : 

  f(x) = x for all x. 

  It is depicted in Figure 3.6(a). 

 

 Binary Step Function 

Binary step function or simply step function is defined as 

follows : 

f(x) = 1, where x ≥ Ѳ, where Ѳ is the threshold value. 
       = 0, otherwise.    
It is depicted in Figure 3.6(b). 
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    Figure 3.6. Graphical Presentation of Linear Function and Step Function 
 

 

 Bipolar Sigmoid Function 

Bipolar sigmoid function produces an output whose value 

ranges in between -1 and +1 and which is of the form: 

𝑓 𝑥 =
2

1 + e−x
− 1 

   It is presented graphically in Figure 3.6(c). 

 Sigmoid Function 

Sigmoid or logistic function is monotonous and also bounded.    

For this reason this function has been widely used as an 

activation function. This function is of the form: 

𝑓 𝑥 =
1

1 + e−x
 

It is presented graphically in Figure 3.6(d). 

 Hyperbolic Tangent function 

  Hyperbolic tangent function is of the form : 

   𝑓 𝑥 = tanh(𝑥) =
ex −e−x

ex +e−x   

  The graphical presentation is shown in Figure 3.6(e). 
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Figure 3.6. Graphical Presentation of Bipolar Sigmoid and Sigmoid    
Functions 

 

 

 Gaussian Function 

  Gaussian function is of the form : 

   𝑓 𝑥 = aExp(
− 𝑥−𝑏 2

2c2 )  

Where a, b, and c are arbitrary real constants. The value of ‘a’ 

determines the peak of the curve, ‘b’ denotes the position of 

center of the peak and the width of the curve depends on the 

parameter ‘c’. Graphical presentation of the Gaussian function 

is presented in Figure 3.6(f). 
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    Figure 3.6. Graphical Presentation of Hyperbolic and Gaussian Functions 

 

3.2.3.2. Types of Architecture of Neural Network 

Depending on the direction of flow of information through nodes of different layers 

of the network there are mainly two kinds of neural network, namely feed-forward 

neural network and feedback neural network. 

Feed-forward neural network is a learning model, designed to compute some 

functions approximately. It is termed as feed-forward as information flows through 

nodes of different layers from input to the output in the same direction i.e. no 

feedback of information is allowed in this kind of network. 

Presence of loops in the architecture of feedback neural network allows information 

to flow in both directions. The output of a node of any layer depends on the input to 

the node and also on the output of that node. As a result the states of this kind of 

networks are changing dynamically until an equilibrium condition has been reached. 
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3.2.3.3. Training or Learning Algorithms 

One of the most important properties of artificial neural network is its capability of 

learning. This learning phase involves adjustments of different parameters such as 

link weights, threshold values etc. to produce a desired response. Learning 

algorithms are categorized as follows: 

1. Supervised learning 

2. Unsupervised learning 

Supervised learning algorithm uses training dataset, which consists of an input vector 

and a target vector. During training phase the input vector is applied to the input of 

the network and an output vector is generated. By comparing this output vector with 

the target vector an error signal is generated if the output vector differs from the 

target vector. This error signal is used to readjust the link weights of the network and 

threshold value to produce correct response. Thus supervisor or teacher plays a role 

in this kind of learning mechanism to minimize error. 

Unsupervised learning algorithm is used in the cases where only an input vector is 

available. There is no output vector and there is no supervisor or teacher. Similar 

types of input vectors are grouped into categories to learn about the data and to 

discover important pattern in the data. Following are examples of unsupervised 

learning algorithms: 

1. K-means ( to solve problems related to clustering ) 

2. Apriori ( to find out association rules ) 

In supervised learning, the training phase or learning phase involves adjustments of 

weights as well as threshold values from a set of training examples. This kind of 

learning law was first proposed by Donald Hebb [26]. At present, there are hundreds 

of such learning algorithms are available in the literature [27], but the most well-

known among them are back-propagation [28], [29], ART [30], and RBF networks 

[31]. This work concentrated on Incremental Back-propagation Learning Network 

(IBPLN) algorithm and on Levenberg-Marquardt (LM) algorithm. 
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3.2.3.4. Incremental Backpropagation Learning Network (IBPLN) 

The normal back-propagation network is not an incremental by its nature [32]. The 

network learns by the back-propagation rule of Rumelhart et al. [33] under the 

constraint that the change to each weight for each instance is bounded. With this 

learning rule, it is likely that adjustments of different weights may be truncated at 

different proportions. As a result, the network weight vector may not move in the 

steepest descent during error minimization. In IBPLN, this problem is dealt with by 

introducing a scaling factor s which scales down all weight adjustments so that all of 

them are within bounds. The learning rule is now: 

 

Wij(k)  =  s(k) j(k)Oi(k)  (1) 

where Wij  is the weight from unit i to unit j,  (0<<1) is a trial independent learning 

rate, j is the error gradient at unit j, Oi is the activation level at unit i, and the 

parameter k denotes the k-th iteration. In the incremental learning scheme, initial 

weights prior to learning any new instance, represent knowledge accumulated so far. 

IBPLN introduced two structural adaptations; neuron generation and neuron 

elimination. The IBPLN algorithm proceeds as follows [32] : 

 

Given a single misclassified instance : 

Begin 

     Repeatedly apply the bounded weight adaptation  

     learning rule (3) on the instance until stopping 

     criteria are met.  

If  

the instance can be correctly learned, then 

restore the old weights and apply the bounded 

weight  adaptation learning rule once; 

Else  

restore the old weights and apply the  structural 

adaptation learning rules. 

End. 

 

The stopping criteria are: The instance can be correctly learned or the output error 

fluctuates in small range. 
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3.2.3.5. Levenberg-Marquardt (LM) Algorithm 

The Levenberg-Marquardt (LM) algorithm is basically an iterative method that 

locates the minimum of a multivariate function that is expressed as the sum of 

squares of non-linear real-valued functions [34], [35]. LM algorithm can be thought 

of as a combination of steepest descent and the Gauss-Newton (GN) method. LM 

algorithm is more robust than GN algorithm which essentially means that it finds a 

solution even if it starts far off the final minimum. During the iterations, the new 

configuration of weights in step (k+1) is calculated as follows: 

 

w(k+1) = w(k) – (J
T
 J + I)

-1
 J

T 
(k)                 (2) 

 

where J – the Jacobian matrix,  - adjustable parameter,  - error vector. The 

parameter   is modified based on the development of error function. If the step 

causes a reduction of error function, we accept it. Otherwise  is changed; reset the 

original value and recalculate w(k+1). 

Thus the LM algorithm is as follows: 

 

1. Update the value of  based on the rule as given in 

equation (2). 

2. Evaluate the error function. 

3. If no improvement in error is obtained modify  and reset 

the weights to their original values. Go to step 1 to try an 

update again. 

4. If the error is reduced, accept the new values of weights and 

modify . 
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3.2.3.6. Implementation of Artificial Neural Network 

Due to some important characteristics of artificial neural network like fault 

tolerance, generality, self learning capability, and ability to solve complex problems, 

it has now been applied to various fields and also has been used as tool to diagnose 

different diseases. Many literatures have been found in which ANN has been 

implemented to diagnose different diseases. A comparative study was performed to 

diagnose Tuberculosis disease using ANN in the year 2008 [36]. The proposed model 

used multi layer neural network (MLNN) and general regression neural network 

(GRNN). It  was concluded that  MLNN  structure with  two hidden  layers  trained by 

 Levenberg-Marquardt algorithm produced better classification accuracy of 95.08%. 

Q. Kadhim et. al proposed an intelligent model based on ANN to diagnose urinary 

system diseases [37]. The dataset from UCI machine learning repository was used in 

this literature. Feed-forward back propagation neural network algorithm was 

proposed to train the network and an accuracy of 99% was claimed. A neural 

network approach to analyze heart disease has been presented in a study in the year 

2011 [38]. From this study it is evident that a multilayer neural network trained with 

back-propagation learning algorithm performed better and accuracy of 94% was 

achieved as the performance of the network. Y. Unal et. al [39] proposed a wavelet 

based ANN to classify intervertebral degenerative disc disease. The reason of the 

disease is the reduction of fluid that acts as shock absorber. Expertise is needed to 

correctly diagnose the disease; otherwise there is a possibility of wrong diagnosis. 

Features were extracted from MRI using wavelet transform and the extracted 

features were used as an input to MLP to classify the disease. The proposed model 

has been suggested as the supporting tool for radiologist in diagnosing the disease 

and can be improved in future. In a study authors attempted to design an automated 

system using two types of artificial neural networks to classify Parkinson’s disease 

[40]. They used multi layer perceptron (MLP) with Levenberg-Marquardt (LM) back-

propagation algorithm and radial basis function (RBF) network. Parkinson’s disease 

dataset from UCI machine learning repository was used in this study. It was observed 

that MLP with back-propagation learning algorithm performed better in comparison 

to RBF network. In the year 2012,  K. Kumar et. al presented a paper [41], in which 

they proposed different intelligent models based on ANN to diagnose kidney stones 

disease. They compared three different neural networks of different architecture 

and characteristics. They used MLP with back-propagation learning algorithm, 

learning vector quantization (LVQ) and radial basis function (RBF) network to 

diagnose the disease. It was found that among the three approaches, the model 

based on MLP with back-propagation algorithm performed better and an accuracy of 

92% was achieved. F. S. Gharehchopogh et. al considered a multi layer perceptron 
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ANN using back-propagation learning algorithm to diagnose thyroid disease [42]. The 

proposed network consists of one input layer with 5 neurons, one hidden layer with 

6 neurons and an output layer with only one neuron. An accuracy level of 98.6% was 

claimed in the literature. In reference to [43] authors suggested a model to diagnose 

diabetes disease using ANN. In this study, database of Pima Indian diabetes has been 

taken into consideration. Multilayered feed-forward network trained with back-

propagation algorithm yielded correct classification accuracy of 82%. An automated 

system   to  classify  important  chest diseases,  like  chronic  obstructive   pulmonary, 

pneumonia, asthma, tuberculosis and lung cancer, was proposed by authors in 2016 

[44]. They implemented different neural network models to classify the chest 

diseases. It was claimed in the study that probabilistic neural network (PNN) 

structure performed better in diagnosing chest diseases.   Sujatha. K et. al presented 

a model in the year 2017 for early detection of Alzheimer disease using ANN [45]. 

Alzheimer’s disease is a neuro-degenerative disorder in which brain cells are 

affected. Common symptoms of this disease are: loss of memory, personality 

change, losing the capability of thinking. Generally, aged people are suffering from 

this disease. The suggested model used discrete wavelet transform (DWT) to extract 

important features from brain image. Back propagation neural network (BPNN) was 

used to classify the disease. PSO algorithm was also used to tune the network. An 

accuracy of 96.32% was achieved as found in the study. Many more literatures have 

been found in which ANN has been used as a tool in the field of medical diagnosis. A 

brief study of literatures in which ANN performed better are listed in Table 3.3. 
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Table 3.3. List of Studies where Artificial Neural Network Performed Better 

 
Disease Diagnosed 

 
Methods Used 

 
Results 

 

Tuberculosis Disease MLNN with Levenberg-
Marquardt Algorithm 

95.08% accuracy 

Urinary System Diseases Feed-forward Back-
propagation Network 

99% accuracy 

Heart Disease Multilayer neural network 
+ Back-propagation 
learning algorithm 

94% accuracy 

Intervertebral 
Degenerative Disc 
Disease 

MRI + MLP 100% classification rate and 
training performance was 
99.79%. 

Parkinson’s Disease MLP + LM 93.22 % accuracy 

Kidney Stones Disease MLP + Back-propagation 
algorithm 

92% accuracy 

Thyroid Disease MLP using Back-
propagation learning 
algorithm 

98.6% accuracy 

Diabetes Disease Multilayered feed-forward 
network + Back-
propagation learning 
algorithm 

82% accuracy 

Chest Disease PNN 92.16% as an average 
accuracy 

Alzheimer Disease BPNN in combination with 
DWT and PSO 

96.32% accuracy 
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3.3. Conclusion 

We discussed various approaches of soft computing methods, designed by 

researchers in the domain of medical science. Researchers attempted to develop 

decision support systems, new algorithms and tools to diagnose different diseases 

efficiently. Soft computing, an area of artificial intelligence, is an emerging tool or 

collection of techniques used to develop intelligent predictive models for the 

purpose of diagnosing different diseases. However the selection of proper 

methodology depends on the type of the dataset. The hybrid system, which is the 

combinations of soft computing methodologies i.e. the combination of Neural 

Network with Genetic Algorithm (NN + GA), Neural Network with Fuzzy Logic (NN + 

FL) and Fuzzy Logic with Genetic Algorithm (FL + GA), used to build intelligent 

automated systems with better performance. In hybrid system limitation of one 

paradigm may be removed by the merits of the other. The objective is to design a 

model such that the accuracy of the system should be comparable with domain 

expert, otherwise wrong predictions may harm the patient. For this reason care 

should be taken on the lowest performance of the system. Vigorously a system is 

needed to reduce false prediction rate as well as to help in early diagnosis of 

diseases. A lot of work has already been done in the field of medical science to justify 

the usefulness of soft computing techniques and obviously, a lot to be done in 

future.  
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CHAPTER 4 

 

Preprocessing of Data and Handling Missing Values 

 

4.1. Introduction 

Data is a collection of data objects called entity and their attributes. Properties of a 

data object are represented by the corresponding data fields or attributes. Attributes 

are of following categories: 

 Numerical – Set of values (continuous) eg. any real number like Age, Height, 

Weight etc. 

 Nominal – A finite set of discrete values eg. Color, Days-of-Weak etc. 

 Binary – It is nominal attribute type with only two values 0 and 1 eg. Marital-

status {Married, Unmarried}, Sex {Male, Female} etc. 

 Ordinal – It is also nominal attribute in which there is a meaningful order in 

the value. For example Size {Small, Medium, Large}, Employee-rank {A,B,C,D} etc. 

Good quality of data should be needed to get good outcome as the presence of 

garbage in input data set may produce garbage output. In real world the data may be 

dirty due to following reason: 

 Presence of noise 

 Some values are missing 

 Data redundancy 

 Inconsistent data 

Data are noisy due to outliers or erroneous data. For example Age = -12. Sometimes 

data may be incomplete as some values are missing due to several reasons. Data 

redundancy i.e. duplicate or irrelevant data should be removed to optimize time and  

 
ɨɨɨ  This chapter is based on the publication made by the author entitled “A Study on Missing 

Data Management”, International Journal of Computer Sciences and Engineering (IJCSE), Vol. 
5, Issue 2, pp. 30-33, February, 2017, E-ISSN: 2347-2693. 



 
73 Chapter 4 

 

space during analysis. Data are inconsistent when there are some discrepancies 

found in the data. As for example Age = 50 and Date-of birth = “05/08/2005”. For the 

above reasons data preprocessing is absolutely needed to prepare data of good 

quality. 

4.2. Data Preprocessing 

One of the important and critical steps of data mining process is data preprocessing 

and it has a great effect on the success of data mining project [1]. Data preprocessing 

is needed to analyze data more accurately and efficiently. Preprocessed data is in 

better condition for subsequent analysis. Major steps in data preprocessing are: 

 Data cleaning 

 Data integration 

 Data transformation 

 Data reduction 

 

4.2.1. Data Cleaning 

Major steps in data cleaning phase of data preprocessing involves: 

 Handling missing values 

 Handling noisy data 

 Removing data redundancy 

 Resolving data inconsistencies 

Various techniques that can be applied to handle missing values have been discussed 

later in this chapter. Existence of outliers or random errors in a measured variable is 

the main reason for noisy data. Different methods to remove noise in the data are: 

 Binning 

 Clustering 

 Regression 
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In binning data are sorted and placed into different bins of equal frequencies 

depending on the attribute values. In smoothing, data in a bin may be replaced by 

the mean value of the content of the bin or by the median value of the content of 

the bin. In another process of smoothing each data in a bin may be replaced by the 

closest boundary value (minimum or maximum value) of the bin. 

Outliers can be identified by clustering easily, in which attribute values are separated 

into groups or clusters. Values, lying outside of these clusters are identified as 

outliers. 

By applying different regression methods, function or a mathematical equation is 

generated to fit the data and also to predict the value of an attribute by knowing the 

value or values of other attribute or attributes. Thus regression helps in smoothing 

out the noise in the data. 

Data redundancy can be removed by eliminating the duplicate records, which are 

also irrelevant and thus reduces the size of the data set. As a result the data set can 

be analyzed more efficiently. 

Data inconsistencies can be removed either manually or by using tools which are 

designed to help in removing incorrect use of codes. Known data constraints can also 

be verified by using these tools. 

 

4.2.2. Data Integration and Transformation 

Data may be collected from different sources which may involve multiple databases 

and flat files. Entity identification problem is a real problem during data integration, 

which may be resolved by using meta-data (data about data). During this phase 

there may occur data redundancy and data inconsistency. By using different 

techniques such as correlation analysis and X2 (Chi-square) test data redundancy can 

be detected.  

Sometimes data may be transformed to make it convenient for data analysis. 

Different methods that can be used to transform data may involve the following: 

 Generalization of data: Data may be transformed to higher level 

concepts. For example numeric data height may be mapped to tall, 

medium, short etc. 

 Normalization of data: In this case data are mapped within a small 

specified range. The range may be -1.0 to +1.0, 0.0 to 1.0 etc. 
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 Construction of attributes: Sometimes new attributes may help the 

analysis process which can be constructed from the given set of 

attributes in the data set. 

 

4.2.3. Data Reduction 

Size of data set stored in database or in data ware house may be huge. Complex data 

analysis process may take long time to analyze such data set, which is undesirable. 

For this reason data reduction is needed to obtain reduced form of the data set in 

terms of size but produces almost same result during analysis. It is one of the 

primary steps of data pre-processing. The most common techniques which are used 

to obtain reduced data set are: numerosity reduction, dimensionality reduction and 

data compression. 

 

4.2.3.1. Numerosity Reduction 

In this technique actual data in the data set are replaced by alternative smaller 

forms. Data cube aggregation, sampling are examples of numerosity reduction. 

Suppose a data set contains income per quarter for the year 2005 to 2017. This kind 

of data can be aggregated to represent the total income per year in place of per 

quarter. Thus the new data set will be smaller in size without losing any information. 

Multidimensional aggregated information are stored in data cubes. 

Sampling is an important technique, which is applied for selection of data. The 

objective is to select a subset of data that represents the whole data set. Statistical 

sample is required as handling whole data set may be too expensive or time 

consuming. Different sampling methods are: 

 Simple random sampling: In this method each item has an equal probability 

to be chosen. Performance of this kind of sampling may be poor in presence 

of skew. 

 Sampling without replacement: In this method the object selected for sample 

has been removed from the original data set. For this reason there are no 

duplicate objects present in the sample. 
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 Sampling with replacement: In this method objects selected for sample are 

not removed from the original data set. This allows presence of duplicate 

objects in the sample. 

 Adaptive sampling: In adaptive sampling selection criteria of sample has been 

adapted depending on previous result obtained during survey. As data 

collection continues the sampling process is modified in real time. Adaptive 

stratified or cluster sampling may be used for data reduction. Different 

adaptive sampling strategies are also proposed in literatures. 

Figure 4.1 and Figure 4.2 show pictorial presentation of sampling processes. 

 

 

 

 

  

 

 

 

     Figure 4.1. Sampling with Replacement and without Replacement 

 

 

 

 

 

 

 

     Figure 4.2. Raw Data and Cluster or Stratified Sample 
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4.2.3.2. Dimensionality Reduction  

In recent years, a variety of techniques have been proposed in literatures for 

dimensionality reduction. Dimensionality of some real world data with high 

dimensionality such as ECG signals, digital image etc. should be reduced for 

convenience. Redundant and irrelevant features in the original data set should be 

removed to reduce the dimensionality of the data set. The objective is to select a 

feature subset from the original data set which is a meaningful representation with 

reduced dimensionality. Feature extraction and reduction is one of the important 

steps of classification since even the best classifier may perform poorly if the 

features are not well chosen [2], [3].These reduced features may play vital roles 

during final decision making by the physicians. Many algorithms are available for 

dimensionality reduction. Methods which we have used in our study are: 

 Correlation-based Feature Subset Selection (CFS) [4] 

 Rough Set (RS) [5] 

 Principal Component Analysis (PCA) [2] 

 Genetic Algorithm (GA) 

 

4.2.3.2.A. Correlation-based Feature Subset Selection (CFS)  

“A good feature subset is one that contains features highly correlated with 

(predictive of) the class, yet uncorrelated with (not predictive of) each other” *4] – 

this is the central hypothesis of CFS. 

A feature evaluation formula, based on ideas from test theory [6], provides an 

operational definition of the above hypothesis as follows: 

 
 

  =    (1) 

-  } 

 

where rfc is the correlation between the summed features and the class variable, k is 

the number of features, 𝑟𝑓𝑐      is the average of the correlation of between the features 

and the class variable, and  𝑟𝑓𝑓      is the average inter-correlation between features. 
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To accommodate nominal or categorical as well as continuous or ordinal features in 

Eq. 1, continuous features are transformed to categorical features using the 

supervised discretisation method of [7] as a preprocessing step. The theory of 

information gain [8] is applied estimating the degree of associations between 

nominal features. Heuristic search strategies, such as best first and hill-climbing [9] 

are often used to search the feature subset in reasonable amount of time. 

Moreover, both filter type as well as wrapper types of feature selection methods use 

correlation-based approach in different applications [10], [11]. 

4.2.3.2.B. Rough Set  Theory (RST) 

Rough set theory was first presented by Pawlak in the year 1980’s *12]. Rough set is 
a formal approximation of a crisp set in terms of a pair of sets which give lower 
approximation with positive region and upper approximation with negative region. 
In between there is a boundary. Let there be an information system I = ( U,A ) 
(attribute – value system), where U be the universe of discourse and is a non-empty 
set of finite objects; A is a non-empty finite set of attributes. With any P  A, there is 
an associated equivalence relation IND(P). The relation IND(P) is called P – 
indiscernibility relation. Let X  U be a target set. The target set X can be 
approximated using only the information contained within P by constructing P-lower 
(PX) and P-upper (PX) approximation of X. The tuple (PX, PX) is called a rough set. 
The accuracy of the rough-set representation of the set X can be given [13] by the 
following: 
 

        𝜅P
 = | PX | / | PX |                                (2) 

  

Rough set theory is an intelligent technique for managing uncertainties that is used 

for the discovery of data dependencies, to reduce redundancies, to evaluate the 

importance of attributes, to discover patterns in data and to classify objects. Several 

useful features of rough sets are: 

 Extraction of rules from data sets in the form of if-then rules. 

 It requires no external parameters unlike other intelligent techniques except 

the data itself. 

 It can predict whether the data is complete or not. 

 The computation of reduct and core using rough set theory is an important 

feature. 
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4.2.3.2.B.1. Feature Selection Using Rough Set [14] 

Global and local feature selection methods can be clearly distinguished while using 

rough sets for selection of features. The whole data set are taken into consideration 

in global feature selection scheme while in local feature selection scheme only the 

descriptors of the form (a,v), where a  A and v   Va (set of values of attributes) are 

chosen for a given object. The relevant features for the object classification are 

searched in both strategies. In former case features are selected to define  a 

partition of object universe, which along with other features are relevant for 

describing the approximation of partition (or part of it) as described by the decision 

attribute. In the local case descriptors are extracted for a given object with respect 

to a decision class. 

One of the simplest approaches to select features using rough set is to calculate core 

for discrete attribute data set having strongly relevant features and reducts having a 

core with some additional weakly relevant features. Some feature selection criteria 

can be decided depending on a set of reducts. Bazan et al. (1994, 1998) proposed 

dynamic reducts for selecting robust feature subset. Based on cross validation 

method, this technique has been applied to extract features. 

 

4.2.3.2.B.2. Reduct 

Reducts are reduced subset of attributes which are obtained by removing 

superfluous attributes from the original data set. So this reduced system did not loss 

the classification performance. Each attribute in the reduct possess a particular 

property of the given information table. Attributes in the reduct are sufficient to 

describe the class attribute. Reducts are generated to reduce the number of 

attributes without losing the classification power provided by the all attributes of the 

original data set. For both positive, and boundary rule sets, this power may be 

interpreted by system and semantic properties [15]. 

Let us consider a system T = (U, A, C, D). If for all attributes c in C are indispensable, T 

is independent. A feature c is dispensable if POS(C-I)(D) = POSC(D). Taking this fact into 

consideration a reduct can be defined as a set of features R   C, if T’=(U, A, R, D) is 

independent and POSR(D) = POSC(D). Moreover, no proper subset of R is same as 

POSC(D). Thus a minimal set of attributes form a reduct, that preserves the above 

relation [16].  
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4.2.3.2.B.3. Core 

The intersection of all reducts of an information table constitutes the core. All 

attributes in the core are indispensable in T = (U, A, C, D). So removal of any attribute 

from core will affect classification performance. Thus we can write: 

 CORE(T) = ∩RED(T) 

where RED(T) is the set of all reducts of T. For the dependency between condition 

attributes C and decision attribute D (C =› D), if D depends on E, where E  C then E is 

referred to as relative D-reduct of C. Thus relative D-core of C is defined as: 

 CORED(I) = ∩REDD(I) 

where REDD(I) is set of all D-reducts of C. Similarly CORE(I) represents set of all 

indispensable features in C. E have CORE(I) = RED(I), where RED(I) denotes all the 

reducts of C. 

 

4.2.3.2.C. Principal Component Analysis (PCA) 

It is one of the techniques used for feature extraction. The main advantage of PCA is 

– dimension will be reduced by avoiding redundant information, (Daugman, 1993) 

without much loss. Better understanding of PCA is through statistics and some of the 

mathematical techniques such as Eigen values, Eigen vectors.  

PCA is a mathematical procedure that uses linear transformation to map data from 

high dimensional space to low dimensional space. The low dimensional space can be 

determined by Eigen vectors of the covariance matrix. 

The steps involved in PCA include: 

 The mean value of the given data set S is found. 

 Subtract the mean value from S. From these values a new matrix is obtained, 

say A. 

 Covariance (C) is obtained from this matrix i.e. C = AAT. Eigen values are 

obtained from the covariance matrix are V1V2V3……..VN. 

 Finally Eigen vectors are calculated for covariance matrix C. 

 Sort Eigen vectors in decreasing order of Eigen values. 
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 Only Eigen vectors for largest Eigen values are kept to form lower 

dimensional data set. 

 Once principal components (Eigen vectors) have been chosen, a feature 

vector has been formed by taking the transpose of the vector and multiplying 

it on the left of the original data set, transposed. 

Final data = Row Feature Vector X Row Data Adjust 

where, Row Feature Vector is the matrix with the Eigen vectors in the columns 

transposed so that the Eigen vectors are in the rows, with the most significant Eigen 

vector at the top and Row Data Adjust is the mean-adjusted data transposed i.e. the 

data items are in each column, with each row holding a separate dimension. 

 

4.2.3.2.D. Genetic Algorithm (GA) 

Genetic Algorithms mimic Darwinian forces of natural selection to find optimum 

values of some function (Mitchell, 1998). Many studies used this algorithm to select 

effective features from data set. GA calculates an initial set of candidate solutions 

referred to as population and their corresponding fitness values. Larger fitness 

values are better. Each solution is known as an individual. Next population is made 

up of producing offspring by randomly combining the individuals with the best 

fitness values. To accomplish solution these individuals are selected and undergo 

crossover and also are subject to random mutations. By repeating the process many 

generations are created to produce better solution. 

For feature selection, the individuals are subsets of predictors that are represented 

as binary; a feature is either included or not in the subset. The fitness values are 

some measure of model performance. 

If the data set contains n number of attributes, there exist 2n chromosomes. Each 

chromosome is a binary vector of size n-bits, where bit 0 means the corresponding 

feature is not selected and bit 1 means the corresponding feature is selected. If n is 

large, the search space will be large enough to find out a suitable subset of features. 

GA is useful in solving large-scale problems to evaluate optimal or nearly optimal 

solution [17]. 

Initially a set of chromosomes i.e. population is generated randomly. Choosing the 

number of chromosomes in initial population is an important factor for performance 

of GA. Genetic diversity requires large population, which converges slowly.  
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Fitness function is the measure of quality of chromosomes of the population. GA is 

used to find out the chromosome (feature subset) with maximum fitness value. 

Genetic operators, such as selection, crossover and mutation are used to converge 

into solution. Individuals (chromosomes) are selected for crossover. Crossover 

operator generates population for next generation. Each individual has a probability 

to mutate. Percent of bits of the selected individuals to be flipped in the mutation 

phase may be chosen randomly. 

 

4.2.4. Missing Value Handling 

4.2.4.A. Introduction 

Missing data, a persistent problem in most scientific research, should be handled very 

carefully, as role of data are vital in every analysis. Mishandling missing values may 

cause distorted analysis or may generate biased results. Valid and reliable models 

require good data preparation. Dozens of techniques have been proposed by 

methodologists to address the problem. Appropriate method should be taken into 

consideration for a particular study in order to achieve efficient and valid analysis. In 

most scientific research domain like Biology [18], Medicine [19] missing data are 

common problems. One of the most challenging decisions confronting researcher is 

to choose the most appropriate method to handle missing data. Numerous methods 

are used in literature to handle missing data. Moreover handling missing data are not 

typically addressed in most literature. Unfortunately most of the statistical packages 

implement old standby techniques which are prone to statistical bias. There are 

different methods which are being used by people: 

 Delete the records containing missing data; 

 Use attribute mean; 

 Use attribute median; 

 Use a global constant to fill in for missing values which seem not relevant to 

the decision attribute; 

 Use a data mining method. 

We discuss different methods to handle missing data and compare three imputation 

methods: Arithmetic Mean Imputation, Regression Imputation and Multiple 

Imputation using EMB algorithm, performed on three data sets from UCI repository 
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under the assumption of MAR, based on Root Mean Square Error (RMSE) as an 

evaluation criterion.  

 

4.2.4.B. Missing Data Mechanisms 

Rubin [20] defined missing data based on three missingness mechanisms [21] – 

Missing at Random (MAR), Missing Completely at Random (MCAR), and Missing Not 

at Random (MNAR). 

Data are missing at random when there is a relation between the probability of 

missing data for a variable to some other measured variable or variables, but not to 

the values of itself. MAR as its name does not imply missing in haphazard fashion, 

but it actually means that the probability of missing data is systematically related to 

other variable. 

Data are missing completely at random when the probability of missing data for a 

variable is unrelated to any other measured variable and to the values of itself. 

MCAR implies missing completely in haphazard fashion. MCAR is a more restrictive 

condition than MAR as it assumes that missingness is completely unrelated to the 

data [22]. 

Data are missing not at random when the probability of missing data for a variable is 

related to the values of itself, even after controlling for other variable. 

 

4.2.4.C. Techniques to Handle Missing Values 

Dealing with missing data includes – removing the cases with missing values or 

imputing the missing values. Dozens of techniques have been found in literature to 

handle missing data problem. Some of these techniques are – List-wise deletion, Pair-

wise deletion, Arithmetic Mean Imputation, Regression Imputation, Multiple 

Imputation with EMB approach. 

4.2.4.C.1. List-Wise Deletion 

In list-wise deletion method data for any case which has one or more missing values 

are deleted. This is why the method is also known as complete-case analysis [23]. The 

main advantage of this method is that it is easy to implement and also available as 

standard option for statistical packages. In most situations the resulting reduced 

dataset as obtained by applying list-wise deletion may lead to decreased statistical 
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analysis power and also important knowledge may be missed. Another disadvantage 

is that this method assumes MCAR. If data are not in MCAR, list-wise deletion 

produces distorted result. In particular for large dataset where missing values are 

very minimal, this method may be appropriate.  

4.2.4.C.2. Pair-Wise Deletion 

To mitigate the loss of data that occurs in list-wise deletion, pair-wise deletion 

method eliminates cases on an analysis by analysis basis only on available cases. Pair-

wise deletion uses the subset of cases with complete data for each pair of variables to 

compute correlation or covariance matrix. The strength of associationship between a 

pair of variables is measured by correlation. The correlation coefficients for each pair 

of variables for which data are available will take the data into account. Thus pair-

wise deletion maximizes the use of data as much as possible, which increases the 

power of analysis. Pair-wise deletion method tends to be more powerful than list-

wise deletion, particularly when the variables in a dataset have low to moderate 

correlations. The main advantage of pair-wise deletion is that it is easy to implement 

and also available in standard statistical packages. 

The disadvantage of pair-wise deletion is that if the assumption of MCAR does not 

hold, it produces distorted result as it requires data in MCAR. In pair-wise deletion it 

is difficult to compute standard errors as average sample size is used to the entire 

correlation matrix. Thus it produces standard errors either underestimated or 

overestimated. Another disadvantage is that this technique may yield correlation 

outside [-1,1] which causes estimation problems for multivariate analyses that use 

correlation matrix as input 

 

4.2.4.C.3. Single Imputation 

Single imputation methods impute data for unobserved values in the dataset prior to 

analysis. It replaces a single value for each missing value in the dataset. Out of many 

single imputation methods available we discussed two of them – Arithmetic Mean 

Imputation and Regression Imputation. 

1) Arithmatic Mean Imputation:  In this method the arithmetic mean of observed 

values for an attribute replaces all the missing values for that attribute. This is the 

simplest imputation method, but produces biased result. It increases the size of 

sample as well as the power of analysis. According to Rubin [21] mean substitution 

decreases the variability in the dataset, as mean that is the same value is used as a 

substitute for all the missing values. 
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2) REGRESSION IMPUTATION:   It uses regression to predict missing values from 

other variables of known values. Variables containing missing data is assumed to be 

dependent while the other variables are considered as independent. If we consider 

bivariate dataset with attribute X and Y, missing values are computed from the 

regression equation ( Eq. 1.) : 

Y = b*X + a                             (1) 

Here we assume that value of dependent variable Y is to be predicted from 

independent variable X by estimating the regression with the available data of X and 

Y. The values of a and b are computed from the following formulae (Eq. 2. and Eq. 3.). 

 

        𝑎 =
 y  x2− x  (x∗y)

n  x2− ( x)
2                               (2) 

 

         b=
n  (x∗y)− x  y

n  x2− ( x)
2                                   (3) 

Regression imputation is better than mean imputation, but it also has predictable 

biases. 

4.2.4.C.4. Multiple Imputations 

A bootstrap-based EMB algorithm [24] performs multiple imputations for missing 

values. In multiple imputations, values are imputed for each missing value of the data 

set and completed m data sets are generated. In these imputed data sets with 

complete data, the known values remain same for each set but the imputed missing 

values may be different for each set. After imputation, analysis is done with each 

imputed data set and the results are combined. There are different combination 

techniques one can adopt [24, 25].  

Figure 4.3 shows the schematic view of Multiple Imputation using EMB approach. 

Multiple imputations are found to produce more accurate results compared to list-

wise deletion, arithmetic mean imputation. This technique reduces bias and increases 

efficiency. In this multiple imputation technique, MAR (missing at random) is 

assumed. It considers MAR, likelihood, law of iterated expectations, and a flat prior to 

compute posterior. From the posterior, it has to take draws. The EM [26] algorithm is 
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to find the mode of the posterior. This EMB algorithm uses the EM algorithm with 

bootstrap approach to take draws from this posterior. For each draw, the data is 

bootstrapped to simulate estimation uncertainty and then run EM algorithm to find 

the mode of the posterior for the bootstrapped data, which also gives fundamental 

uncertainty [27]. After having draws imputations are done using  observed part 

D(observed) and unobserved part  D( missing) as well as mean vector  and 

covariance matrix  with linear regression.  

 

 

 

 

       

         

 

 

 

 

 

        Figure 4.3. Schematic View of Multiple Imputations 

 

4.2.4.D. Principle of Analysis 

Considering the variability of relative performance of different methods across 

datasets, results were generated based on three reference datasets: Breast Cancer 

dataset, Chronic Kidney Disease Dataset and Hepatitis Disease Dataset. 
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      Figure 4.4. Block Diagram of Principle of Analysis 

 

Figure 4.4 shows the general principle of analysis. From the original data sets 

without missing values we produced bivariate data sets by selecting only two 

attributes from each data set and also introduced in the data a varying percentage of 

missing values ( eg. 10%, 20% and 30%) in such a way that MAR is assumed. From 

Breast Cancer data set we selected the attributes – Clump Thickness and Uniformity 

of Cell Size. The two attributes which are selected from Chronic Kidney Disease data 

set are – Albumin and Serum Creatinine. Similarly, from Hepatitis Disease data set 

we chose attributes – Albumin and Billirubin. The values of dependent variables (for 

Breast Cancer data set – Uniformity of Cell Size, for CKD data set - Serum Creatinine, 

for Hepatitis data set – Billirubin) are missing at random (MAR) as they are 

systematically missing as a function of respective independent variables (for Breast 

Cancer data set – Clump Thickness, for CKD data set – Albumin, for Hepatitis data set 

– Albumin). These simulated missing values are imputed using 3 methods -  

Arithmetic Mean, Regression and Multiple Imputation using EMB approach. 

Performances are measured by evaluating Root Mean Square Error (RMSE). 

Original data set without 

missing values 

Introduction of 10%, 20% and 

30% missing values in the data 

set 

(MAR assumption) 

Application of 3 imputation methods 

in each data set 

Performance measure using 

RMSE 
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We compare three imputation methods on the basis of Root Mean Square Error 

(RMSE) (Eq. 4.), which measures the difference between imputed value and true 

value. 

 

     RMSE =  
 (X i

obs −Xi
imputed

)2n
i=1

n
         (4) 

 

4.2.4.E. Results 

Results are summarized in Table 4.I, Table 4.2 and Table 4.3.   
 
 

Table 4.1. Results for Breast Cancer Data Set of UCI 

Percentage of 
missing value 

Imputation Methods Root Mean Square Error  
(RMSE) 

10 Arithmetic Mean 4.831 

Regression 2.811 

Multiple Imputation using 
EMB 

2.867 

20 Arithmetic Mean 5.226 

Regression 2.86 

Multiple Imputation using 
EMB 

3.077 

30 Arithmetic Mean 5.203 

Regression 3.033 

Multiple Imputation using 
EMB 

3.494 
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Table 4.2. Results for Chronic Kidney Disease Data Set of UCI 

 
 

Table 4.3. Results for Hepatitis Disease Data Set of UCI 

Percentage of 
missing value 

Imputation Methods Root Mean Square 
Error  (RMSE) 

10 Arithmetic Mean 0.782 

Regression 1.375 

Multiple Imputation using 
EMB 

1.621 

20 Arithmetic Mean 0.836 

Regression 1.74 

Multiple Imputation using 
EMB 

1.573 

30 Arithmetic Mean 0.948 

Regression 0.838 

Multiple Imputation using 
EMB 

0.795 

 

Percentage of 
missing value 

Imputation Methods Root Mean Square 
Error  (RMSE) 

10 Arithmetic Mean 5.376 

Regression 4.646 

Multiple Imputation using 
EMB 

4.785 

20 Arithmetic Mean 6.52 

Regression 5.591 

Multiple Imputation using 
EMB 

5.765 

30 Arithmetic Mean 1.824 

Regression 0.287 

Multiple Imputation using 
EMB 

1.193 
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From the above tables it is observed that in almost all cases performance of 

Regression Imputation and Multiple Imputation using EMB are same, though in most 

of the cases regression imputation provides better result than the later. In case of 

Hepatitis Disease data set for 10% and 20% missing values imputation using 

Arithmetic Mean leads to better result as compared to other two methods, but for 

30% missing values multiple imputations shows better performance. 

 

4.3. Discussion 

Missing data, a part of many studies, are handled by several alternative ways to 

overcome the drawbacks. Comparative studies are needed to ensure which 

imputation method should be well suited for a particular study. Only a few 

literatures address an evaluation of existing imputation methods. 

In this work, we performed a neutral comparative study of three imputation 

methods based on three UCI data sets of various sizes under the assumption of MAR. 

We did not consider elimination processes like List-Wise deletion and Pair-Wise 

deletion, as these methods are   applicable only for large data set with minimal 

number of missing values, otherwise there may be a chance of losing important 

information. So, we concentrated only on imputation methods. Imputation accuracy 

is measured by Root Mean Square Error (RMSE).  

The limitation of our study is that the results are limited to data matrices of 

numerical values. Careful attention should be taken into consideration for other type 

of variables also [28]. 

In conclusion, it can be suggested that there is no universal imputation method 

performing best in every situation, but for bivariate data set if the data are missing at 

random, imputation using regression should be taken into consideration. For 

multivariate data set the regression imputation is somewhat complicated to 

implement. Regression imputation also requires data which are missing at random. 

So it is also suggested to consider multiple imputation approaches for multivariate 

data set which are in MAR or MCAR. 
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4.4. Conclusion 

Data preprocessing is one of the most important issues in data mining as good data 

preparation is the first step to produce valid and reliable intelligent models. 

Summarization of descriptive data should be necessary to increase the performance 

of automated systems. Most of the data mining studies focus on data preprocessing 

to produce good quality data, which is a key to improve predictive performance of 

an intelligent model. High quality data produces high quality mining model. Different 

methods which are discussed include data cleaning, data integration, data 

transformation and data reduction. Though different related methods are studied, 

still it may be considered as an important area of further research. 
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CHAPTER 5 

 

          Performance Prediction Parameters 
 
 

5.1. Introduction 

One's capacity of handling problems, learning, understanding, planning, 

communication, problem solving, and reasoning are measure of intelligence. A 

system that can take decision based on intelligence is an intelligent system. Artificial 

Intelligence, a branch of computer science deals with the techniques to develop 

intelligent system. Since the early 70's, one of the prime research fields in computer 

science is to make a computer system intelligent under the broad discipline AI. 

IQ (Intelligent Quotient) is a parameter for measuring intelligence of human being. 

Similarly, various prediction parameters and test statistics are used to measure 

efficiency quotient (EQ) for intelligent models. This chapter presents a study on such 

type of parameters, their usefulness and limitations, considering the axiom of data 

mining that each data set is unique. The objective is to find out the suitable 

performance prediction parameters for a particular problem domain 

Predictive performance of classifier should be measured to compare classification 

models. Both supervised and unsupervised classification model has been trained on 

training data set. The predictive performance of the trained classifier on the test 

data set is measure of the performance of the intelligent model on unknown data. 

Some parameters should be measured to assess the performance of the classifier 

and its generalization ability, e.g. error rate, accuracy etc. 

Different performance prediction measures; their strengths and limitations are 

explained in this section. Lastly, conclusions are summarized. 

5.2. Confusion Matrix 

Predictive  performance  of  an  intelligent  classification  model  is  summarized    by 

ɨɨɨ  This chapter is based on the publication made by the author entitled “A Study on 

Benchmarking Parameters for Intelligent Systems”, International Journal of Computer 
Sciences and Engineering (IJCSE), Vol. 3, Issue 1, pp. 10-17, February, 2015, E-ISSN: 2347 - 
2693. 
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confusion matrix, which is useful while assessing the performance of it. Generally, a 

confusion matrix is an n-dimensional square matrix, where n is the number of 

distinct target values. In case of a binary classification model, it is represented by a 

two dimensional square matrix. Confusion matrix visualizes the performance of a 

classification model based on a given test data set by representing instances in 

predicted class in each column and instances in actual class in each row. It records 

the frequencies of each of the four possible types of prediction from analysis of test 

data: 

i) true positive denoted as TP, which represents number of positive cases in the 

test data with predicted probabilities greater than or equal to the probability 

threshold i.e. correctly predicted.  

ii) false positive denoted as FP, which represents number of negative cases in the 

test data with predicted probabilities greater than or equal to the probability 

threshold i.e. incorrectly predicted.  

iii) true negative denoted by TN, which represents number of negative cases in the 

test data with predicted probabilities less than to the probability threshold i.e. 

correctly predicted. 

iv) false negative denoted by FN, which represents number of positive cases in the 

test data with predicted probabilities less than to the probability threshold i.e. 

incorrectly predicted.  

Figure 5.1 represents a confusion matrix for which the ‘class’ variable takes only two 

values i.e. binary classification. 

 

  Actual  
 

  Positive Negative 
 

 
Positive True Positive ( TP ) 

False Positive ( FP) 
 

 

 
 

Predicted 
  

 

Negative False Negative (FN) 
True Negative 

 

 
 

 

(TN) 
 

   
 

Figure 5.1. Confusion Matrix 
 

 

Most commonly used benchmarking parameters to assess predictive performance of 

an intelligent system, derived from confusion matrix are given in Table 5.1 [1]. 
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Table 5.1. Most Commonly used Test Statistics Derived from Confusion Matrix 

Measure Formula Meaning 
 

Precision TP/(TP+FP) 
Percentage of correct positive 

predictions. 
 

Recall/Sensitivity TP/(TP+FN) 

Percentage of positive labeled 
instances that were predicted as 

positive 
 

   
 

Specificity TN/(TN+FP) 

Percentage of negative labeled 
instances that were predicted as 

negative 
 

 
 

  
 

Accuracy (TP+TN)/(TP+FP+TN+FN) Percentage of correct predictions.  

 

 

  
 

 

 

The confusion matrix precisely reflects the fact in which condition a model fails by 

providing incorrect prediction or getting confused. For this is reason it is called 

confusion matrix. If the costs of right and wrong classifications are specified, it can 

also be used to measure the misclassification cost. Decision has been taken to 

choose performance measure based on problem domains. For example- 

 
1) A data set containing 6000 instances, in which the number of instances labeled 

as positive is 60. “Negative” prediction of the model for any instance yields 

99% accuracy and 100% specificity, but sensitivity in this case is 0%, which 

indicates problem in the model.  

2) If in the above case the model predicts "Positive" for every instance, the 

sensitivity, specificity and accuracy will be 100%, 0% and 1%, respectively. 

Hence specificity and accuracy reflect that the classifier is problematic.  

3) Similarly in another case, where 5950 instances of a data set of size 6000 

instances are recorded as "Positive", “Positive” prediction for every case of a 

model results in the sensitivity (100%) and accuracy (99%). From these results 

one may think that the model is performing well, but the specificity (0%) 

indicates problem in the model.  
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4) "Negative" prediction for every case for the above example results the 

accuracy (1%) and sensitivity (0%) reflect that the model is problematic though 

the specificity is 100%.  

From the above discussions it is evident that unbalanced data, where number of 

instances of different classes differs greatly, may mislead in predicting the 

performance of an intelligent system. For this reason it is suggested to consider all 

the four parameters, derived from the confusion matrix, as all of them are of equal 

importance while judging a predictive model without any knowledge of the 

distribution of data. Sensitivity and precision play a vital role to predict the 

performance of model elated to biological applications as most of the instances are 

negative [2]. Other benchmarking parameters may have to be considered while 

assessing the predictive performance of a model. 

 

5.3. Area Under ROC Curve 

In “signal detection theory” receiver operating characteristic or ROC curve is used, 

which is also an important measure to illustrate the performance of a binary 

classifier graphically. It is a plot of TPR (true positive rate) against FPR (false positive 

rate) at different threshold settings, where TPR rate of correct positive prediction 

and FPR represents rate of correct negative prediction. Recently, in machine learning 

ROC curve is used widely to visualize the performance of a model graphically as well 

as to compare different models. AUC (area under ROC curve) is an important 

parameter to assess the overall performance of a classifier. Classification models can 

be compared by evaluating AUC at various probability thresholds. Besides model 

selection, the ROC also helps to determine a threshold value to achieve an 

acceptable trade-off between hit (true positives) rate and false alarm (false positives) 

rate. By selecting a point on the curve for a given model a given trade-off is achieved. 

This threshold can then be used as a post-processing parameter for achieving the 

desired performance with respect to the error rates. The performance of diagnostic 

systems can be viewed and analyzed by ROC analysis [3]. The medical decision 

making community has an extensive literature on the use of ROC graphs for 

diagnostic testing [4]. The true positive rate (TPR), also called sensitivity of a classifier 

is evaluated as given in Eq. 1. 

TPR=TP/(TP+FN) (1) 

 

The false positive rate (FPR) of classifier is estimated as given in Eq. 2. 
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FPR = FP/(FP+TN)=1- specificity (2) 

A two dimensional graph in which X-axis represents FPR i.e. 1 – specificity and Y axis 

represents TPR is known as ROC curve. A discrete classifier produces a pair (FPR, 

TPR) that corresponds to a single point in ROC space. Fig. 5.2 shows ROC graph with 

five classifiers labeled A through E [5]. 

 

                                 
 Figure 5.2. Classifier Performance-Points in ROC Space [5] 

 

Interpretation of ROC curve is simple. As for example the point of coordinate (0,0) 

specifies no false positive errors, but not gaining true positives. The coordinate of 

perfect classification point is (0,1), which represents no false positive errors and 

gains 100% sensitivity. Informally, if a point in ROC space is at the northwest of 

another, the former point represents better performance.  

 

   

                           
 Figure 5.3. Comparison of Performance by AUC of Two Classifiers 
 
 
The ROC space has two axes, each having a maximum value of 1. ROC curve is 

defined by plotting TPR against FPR across the range of possible thresholds. Each 
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threshold value produces a different point in ROC space. ROC curve can be obtained 

by tracing these points. The area under ROC curve measures discrimination, that is, 

the ability of the test to correctly classify those with and without a specific property. 

An ROC curve points out the followings: 

a) Balance between sensitivity and specificity is depicted. 

b) If the curve follows the path which is initially closer to left hand border and then 

towards top border, it represents good performance with higher accuracy.  

c) A curve closer to 45˚ diagonal line of the ROC space (1:1 line) represents lower 

performance with less accuracy.  

Thus area under ROC curve can be used as a measure to predict performance of an 

intelligent system. In order to summarize predictive performance across the full 

range of thresholds we can measure the area under ROC curve (AUC), expressed as a 

proportion of the total area of the square defined by the axes [3]. The AUC ranges 

from 0.5 for models that are no better than random to 1.0 for models with perfect 

predictive ability. A rough guidance provided by the traditional academic point 

system to estimate the performance of a model based on AUC are as follows: 

0.90-1.00 specifies Excellent (A) 

0.80-0.90 specifies Good (B) 

0.70-0.80 specifies Fair (C) 

0.60-0.70 specifies Poor (D) 

0.50-0.60 specifies Fail (F) 

 

5.3.1. Limitations of ROC Curve 

It is possible for a high AUC classifier to perform worse in a specific region of ROC 

space than a low AUC classifier. In Figure 3 the high AUC classifier B performs worse 

than the low AUC classifier A for FPR > 0.6. Several features of ROC curve are barriers 

to use it as an only performance predictive measure of classifier. As a discrimination 

index AUC represents the likelihood that a presence will possess larger predicted 

value than an absence, regardless how well the prediction fits a set of observations. 

Thus a well fitted model may lead to poor discrimination power, if the probability of 

presence is moderately higher than the absence. It is also possible that a poorly 
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fitted model may cause good discrimination.  

Another drawback of ROC curve is that it summarizes predictive performance over 

the regions of ROC space where one would operate rarely. The extreme left and the 

right side of the ROC space are valueless as they represent high false negative rates 

and high false positive rates respectively. The central and left areas of the curve 

become valueless if we are concentrating on maximizing true positives and avoiding 

commission error. 

As an alternative approach partial ROC has been proposed which was also unable to 

avoid the drawbacks as mentioned in the literature. Moreover, the spatial 

distribution of classifier errors are not identified in ROC curves. 

 

5.4. Kappa Statistic 

In health care system more than one person may collect data of clinical laboratory. 

Agreement among the individuals who collect data should be measured as the 

medical diagnostic test results will be of little use, if the people who interpret the 

test cannot agree on the interpretation. To do so well designed research studies 

involve – training the data collectors to reduce the amount of disagreement and 

measuring the extent to which the observers agree for the same event. The “inter-

rater reliability” is the extent of agreement between the observers. 

Kappa statistic, suggested by Cohen in 1960 [6], is a generic term for several similar 

measures of agreement used with categorical data. Typically it is used in assessing 

the degree to which two or more raters, examining the same data, agree when it 

comes to assigning the data to categories. Kappa might be used to assess the extent 

to which radiology analysis of an X-ray, computer analysis of the same X-ray and 

biopsy agree in labeling a growth as malignant or benign. In recent years, the Kappa 

coefficient of agreement has become the de facto for evaluating inter-rater 

agreement for tagging tasks. 

Let us consider there are two observers classifying 100 subjects. Assume that the 

class variable takes only two values, labeled as 1 and 2. Consider Table 5.2 represent 

the data layout, where a and d denote number of agreements and b and c denote 

number of disagreement.  
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Table 5.2. Data Layout  

  Rater A  
 

 
1 

1 2 Total 
 

 

25(a) 10(b) 35(m1) 
 

  
 

Rater B 
2 

5(c) 60(d) 65(m0) 
 

 

30(n1) 70(n0) 100(n) 
 

  
 

 

 

Let Po denotes the observed agreement, which is the percentage of all frequencies 

for which two raters agree, i.e. (a + d) / (a + b + c + d). For the data layout as given in 

Table 5.2 Po is (25+60)/100 = 0.85. 

Expected agreement (Pe) is evaluated from the Eq. 3.               

Pe = [(n1/n) * (m1/n)] + [(n0/n) * (m0/n)]  (3) 

For the above example the value of Pe is: 

Pe = [(30/100) * (35/100)] + [(70/100) * 65/100)] 

     = [0.3 * 0.35] + [0.7 * 0.65] = 0.56 

Kappa, K, is defined as: 

K=(Po-Pe)/(1-Pe) = (0.85 – 0.56) / (1 – 0.56) = 0.66 

The value of Kappa lies between -1 to 1, where perfect agreement would equate to a 

Kappa of 1, chance agreement would equate to a Kappa of 0 and negative values 

indicate potential systematic disagreement between the observers. A common 

interpretation of Kappa is as given in Table 3 [7]. 
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Table 5.3. Interpretation of Kappa 

Kappa Agreement 

<0 Less than chance agreement 

0.01 to 0.20 Slight agreement 

0.21 to 0.40 Fair agreement 

0.41 to 0.60 Moderate agreement 

0.61 to 0.80 Substantial agreement 

0.81 to 0.99 Almost perfect agreement 

 

 

5.4.1. Limitations of Kappa Statistic 

Let us consider two observers, denoted by Rater A and Rater B, classifying 100 

subjects by using two experiments in two classes, labeled as 1 and 2. Experimental 

results are shown in Table 5.4 and Table 5.5. 

 

 

 Table 5.4. Outcomes of Experiment 1  

Rater B 
 Rater A  

 

1 2 Total 
 

 
 

1 25 8 33 
 

2 7 60 67 
 

Total 32 68 100 
 

 

Table 5.5. Outcomes of Experiment 2  

Rater B 
 Rater A  

 

1 2 Total 
 

 
 

1 81 9 90 
 

2 6 4 10 
 

Total 87 13 100 
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From the above table it is observed that for both experiments two raters agree in 85 

cases i.e. the observed agreement is 0.85. So, one may mislead by expecting high 

inter-rater reliability for both cases (i.e. high value of Kappa). Cohen's Kappa for 

Experiment 1 is 0.66, and for Experiment 2 is 0.265. Hence Experiment 2 low level of 

agreement between the raters. The reason of explaining the given situation is very 

difficult in this case. There may be serious conceptual flaws in Kappa statistics due to 

this contradiction. 

The assumptions about the rater independence and other factors in Kappa are not 

well supported, which may lower the estimate of agreement excessively. Thus 

researchers may have to accept the low Kappa values in their inter-coder reliability 

studies. In health care system low values of Kappa are not accepted as it may lead to 

poorer patient outcome [8]. 

 

5.5. Akaike Information Criteria and Bayesian Information Criterion 

Akaike [9] adopted the Kullback-Leibler definition of information, I(f;g), as a natural 

measure of discrepancy, or asymmetrical distance, between a true model, f(y), and a 

proposed model, g(y|β), where β is a vector of parameters. The estimator for I(f;g) 

has been derived by Akaike, based on large sample theory. The derived estimator is 

of the general form as given in Eq. 4. 

 

AICm = 2Km-2Ln(Lm)   (4) 

 

where Lm is the sample log-likelihood for the mth of M alternative models and Km is 

the number of independent parameters estimated for the mth model. AIC provides a 

means for selecting a model. For a given set of data, it is a measure of the relative 

quality of a statistical model. Using AIC, one can compare normal models, gamma 

models, lognormal models, square root normal models etc. 

The relative distance (Δm) between each model to the truth is a measure in 

determining the best model (Eq. 5.). 

 

   Δm = AICm – min AIC  (5) 
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where, min AIC is the minimum value of AIC of the candidate models. 

After calculating the relative distances, Akaike weights (wm) is to be evaluated for 

each model using the formula as given below: 

 

   wm=
exp (−0.5∗Δm)

 exp (−0.5∗Δm)R
r=1

  (6) 

 

The denominator gives the sum of exp(-0.5* Δm) for candidate models. The general 

rule of thumb is that the models with Akaike weights within 10% of the highest wi 

are in confidence set of candidate models. 

 Various features of AIC are as follows: 

1) AIC is suitable for comparing two or more models to select the best one. It can 

be used to compare models with different error distribution. It is not used to 

test performance of a model. 

 
2) For a specific data set a model with minimum AIC is chosen as the best 

performer from a set of models. This process of selecting model is known as  

min (AIC) strategy [7].  

 
BIC, presented by Akaike [10] and Schwarz [11], is also used to select model with the 

lowest BIC value from a set of candidate models and can be think of as an alternative 

to AIC. Likelihood function is the basis of BIC. Both BIC and AIC solve problems by 

incorporating a penalty term, which is larger in case of BIC, into the model. BIC is 

calculated from Eq. 6 as given below. 

   BIC = ln(n)k – 2ln(L)   (7) 

where, L denotes maximized value of likelihood function, n is the number of data 

points in observed data, and is the number of parameters estimated by the model.  

 

5.5.1. Limitations of AIC and BIC 

When a model, say A, is nested in another model, say B, a small difference in AIC and 

BIC should not be used as only metric to judge the models. The parameters of 

interest of models may take the values nearer to boundary of the parameter values 
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space. This boundary problem may affect the goodness of fit measures, such as AIC 

and BIC. BIC fails in handling complex collection of models. 

 

5.6. Lift 

The ratio of percentage of true positive cases made by a predictive model to the 

percentage of actual positive cases in the test data set is known as lift. If 70% of test 

data is actually positive and the model predicts 60% as true positive, the value of lift 

will be 0.8571 (0.60/0.70).  

Data set is partitioned into quantiles, which are different portions of data set with 

equal number of instances. Lift is evaluated against each quantile. The data set is 

quantiled after scoring. A rank is assigned to each quantile based on probabilities of 

the positive class prediction. The quantiles are sorted in descending order of rank.  

Large portion of responders can be obtained with the help of lift curve. It also helps 

in selecting small number of cases. Lift curve is constructed based on validation data 

set, which has been scored by appending estimated probability to each case that it 

will belong to a given class. The lift curve is obtained by plotting the cumulative 

number of cases (probability is in descending order) on the X-axis and the cumulative 

number of true positives on the Y-axis as presented in Figure 5.4. High lift acting on 

few cases represents a good classifier. Like ROC curve it also depicts the 

performance of models. Determination of the best model can be made by comparing 

the lift scores considering various portion of data set for different models. The 

usefulness of lift curve is as follows: 

• It can be used to measure the effectiveness of a predictive system. The 

evaluation is made by calculating the ratio between the outcomes with and 

without the predictive system 

• It is a pictorial representation of performance of predictive models. 

• Greater the area bounded by lift curve and the baseline, the better will be 

the performance of the predictive model [12].  
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Figure 5.4. Lift Curve 
 

 

5.6.1. Limitations of Lift Chart 

Predictable attribute in lift chart must be discrete. For this reason it can’t be used to 

measure predictive performance for models which predicts continuous numeric 

values. To find out prediction line for any individual discrete value of predictable 

attribute, lift chart for that particular targeted value should be created. Multiple 

models can’t be added to a lift chart if they do not share the same attributes. 

 

5.7. Cumulative Gain 

It is evaluated as follows: 

Gain = (Expected response using predictive model) / (Expected response from 
random mailing) 

It is the percentage of positive responses determined by the model across quantiles 

(In statistics points on a probability distribution function separated by the same 

fraction of the probability; there is an integrated probability of 1/n between two 

adjacent n-quantiles) of the applied data. Cases are typically divided into 10 or 100 

quantiles against which cumulative gain (and Lift also) is reported. Cumulative gain 

for a given quantile is the ratio of the cumulative number of positive targets to the 

total number of positive targets. 
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 Figure 5.5. Cumulative Gain Chart 

 

 

It is the percentage of positive responses determined by the model across quantiles 

of the applied data. Cumulative gain for a given quantile is the ratio of the 

cumulative number of positive targets to the total number of positive targets. 

Figure 5.5 shows the cumulative gain chart. The point in “yes” category (10%,30%) 

means that after scoring the data set if we arrange all the quantiles by predicted 

pseudo-probability of “yes” in descending order, one can expect the top 10% contain 

30% of all the cases that take actually the “yes” category. Similarly the top 20% 

contain approximately 50% of the “yes” category. The diagonal line is known as base 

line. Farther above the base line, the gain will be greater. 
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5.7.1. Limitations of Cumulative Gain 

Cumulative gain may fail to address the situation containing competing models 

where one model is not strictly above the other. 

 

5.8. Probability Threshold 

A continuous model can be transformed into a binary model by predicting only 

"Present" or "Absent" by introducing a threshold probability value such that any 

outcome greater than it is predicted to be "Present". True positive rates and false 

positive rates varies based on probability threshold values. Probability threshold for 

a quantile n is the minimum probability for the positive category to be included in 

this quantile or any quantiles preceding it. Cost threshold is reported if cost matrix is 

used, which is the maximum cost for the positive category to be included in the 

quantile or any quantiles preceding it.. This approach is not suitable in many 

circumstances notably when some records are not available [13]. Table 5.6 lists 

different methods that are used to select probability threshold.  

Depending on the purpose of modeling the value of probability threshold is chosen. 

It is set to low value to identify larger area of potentially suitable habitat, if the 

purpose of modeling is to identify areas within which disturbance may impact a 

species negatively. Conversely, relatively high threshold is chosen, if the model was 

trying to identify potential introduction or reintroduction sites for an endangered 

species or species of recreational value. Choosing a high threshold reduces the risk 

of choosing unsuitable sites by identifying those areas with highest suitability [25]. 

 

5.8.1. Limitations of Probability Threshold 

Probability threshold is used widely on uncertain database. Most of the literatures 

did not concentrate on the process of choosing the best threshold value. Too high or 

too low threshold value may cause either an empty result or too many results. 

Choosing the suitable threshold value is still a problem to a user. 
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      Table 5.6. Some Published Methods for Setting Threshold of Occurrence [14, 15] 

Method Procedure Species Data Type 

Fixed Sensitivity The threshold at which an arbitrary 
fixed sensitivity is reached (e.g. 0.95, 
meaning that 95% of observed 
localities will be included in the 
prediction) 

Presence only [16] 

Fixed value An arbitrary fixed value (e.g. 
probability = 0.5) 

Presence only 
[17][18] 

Sensitivity-Specificity 
equality 

The threshold at which sensitivity 
and specificity are equal 

Presence and 
Absence [16] 

Equal Prevalence Species’ prevalence (the proportion 
of presences relative to the number 
of sites) is maintained the same in 
the prediction as in the calibration 
data. 

Presence and 
Absence [19] 

Maximize Kappa The threshold at which Cohen’s 
Kappa statistic is maximized 

Presence and 
Absence [20][21] 

Sensitivity-specificity 
sum maximization 

The sum of sensitivity and specificity 
is maximized 

Presence and 
Absence [22] 

Lowest predicted value The lowest predicted value 
corresponding with an observed 
occurrence of record 

Presence only 
[23][24] 

Average probability The mean value across model output Presence only [19] 
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5.9. Conclusion 

This study presents the fact that any single approach as mentioned above cannot be 

used for all applications to judge them. Distribution of data, type of data, and type of 

model are the decisive factors to choose the parameters to predict the performance 

of predictive models. It is evident that in general, four measures, viz. precision, 

sensitivity, specificity, classification accuracy i.e. the entire confusion matrix should 

be recommended as benchmarking parameters to predict performance of an 

intelligent model without knowing the distribution of data. Area under receiver 

operating characteristic also plays an important role for predicting the performance 

of a model visually. Other parameters are used to select the best model by 

comparing a set of candidate models and in some cases to improve the performance 

of models. 
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CHAPTER 6 
 

              Breast Cancer Disease Diagnosis§ 

 
 

6.1. Introduction 

Breast cancer is a global problem. Day by day, the problem is intensified except some 

developed countries. More causality is reported worldwide due to this cause. 

Intelligent automated decision support systems have been attempted with varying 

accuracies for early detection of breast cancer. One of the important tools in this 

context is neural network. Various feature selection techniques have been deployed 

as prerequisite. For taking final decision by the physicians, these features play vital 

roles. Different feature selection or extraction techniques, namely, correlation-based 

feature selection (CFS),  rough set based feature selection and principal component 

analysis (PCA) have been considered in this work. For classification, incremental back 

propagation learning network ( IBPLN), and Levenberg-Marquardt (LM) classification 

tested on UCI breast cancer data base have been used here. Classification results are 

presented in terms of classification accuracy, specificity, sensitivity, and receiver-

operating characteristics curve area (AUC). The experimental results are found to be 

satisfactory after performing the average of 100 to 120 simulations.  

As per reports published by American Cancer Society, it is observed that 229,060 

patients in United States are newly diagnosed with breast cancer only in the year 

2012 [1]. It was also estimated that the number of death cases due to this cause was 

– 39,920 for both sexes; 410 (male), and 39,510 (female). Breast cancer is the second 

leading cause of death in women. Clinical and medical research, diagnostic 

procedures and equipments, decision support systems (DSS) are some of the major 

areas for exploration to manage the menace. 

Early diagnosis is one of the prime factors to avoid any fatal situation. This might be 

the one of the reasons of survival of 2.5 million breast cancer patients in United 

States. Presently, the three methods available for detecting breast cancer: surgical 

biopsy, mammography, and FNAC (Fine needle aspiration cytology).  Though the 

accuracy of surgical biopsy is nearly 100% but it is costly, invasive, time consuming 

and painful [2] and it also requires expertise in the particular domain, which is a real  

§ 
This chapter is based on the publication made by the author entitled “An Intelligent 

Hybrid System for Breast Cancer Classification”, Proc. Nat. Conf. on Research Trends in 
Computer Sc. & Application (NCRTCSA), pp. 21 – 27, ISBN 978-93-82338-95-6 © 2014 
Bonfiring, February, 2014. 
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 Table 6.1..  Some Classifiers and Their Classification Accuracies on UCI Database 

Year Author Method Accuracy(%) 

1990 Mangasarian et al.[6] LP ( 10-fold CV) 97.50 

1996 Quinlan  [9] C4.5 ( 10-fold CV) 94.74 

1996 Hamilton et al. [10]  RIAC ( 10-fold CV) 95.00 

1996 Ster and Dobnikar [11] LDA ( 10-fold CV) 96.80 

1998 Bennett and Blue [12] LS-SVM ( 5-fold CV) 97.20 

1999 Nauck and Kruse [13] NEFCLASS ( 10-fold CV) 95.06 

1999 Pena-Reyes and Sipper 

[14] 

Fuzzy-GA1 ( train: 75% - test: 25%) 97.36 

2000 Setiono [15] Neuro-rule 2a ( train: 50% - test: 50%) 98.10 

2002 Goodman et al. [16] Optimized -LVQ ( 10-fold CV) 96.70 
  Big-LVQ ( 10-fold CV) 96.80 

  AIRS ( 10-fold CV) 97.20 
2003 Abonyi and Szeifert [17] Supervised fuzzy clustering ( 10-fold CV) 95.57 

2005 Polat et al. [18] FS-AIRS ( 10-fold CV) 98.51 

2005 Ubeyli  [19] ME ( train: 37% - test: 63%) 98.85 

2007 Sahan et al. [20] Fuzzy-AIS-knn ( 10-fold CV ) 99.14 

2007 Ubeyli  [21] SVM ( train: 37% - test: 63%) 99.54 

2007 Polat and Gunes [22] LS-SVM ( 10-fold CV) 98.53 

2009 Akay  [23] SVM-CFS ( train: 80% - test: 20%) 99.51 

2009 Karabatak and Cevdet-Ince 

[24] 

AR + NN ( 3-fold CV) 97.40 

2009 Ubeyli  [25] ANFIS (train: 37% - test: 63%) 99.08 

2010 Huang et al. [26] SBS-BPPSO (10-fold  CV) 97.51 

  SBS-BPLM (10-fold CV) 98.83 
2011 Marcano-Cedeno et al.  

[27] 

AMMLP ( train: 60% - test: 40%) 99.26 

2011 Marcano-Cedeno et al. 

[28] 

AMMLP ( train: 60% - test: 40%) average 99.58 

  AMMLP ( train: 60% - test: 40%) best 99.63 
2011 Palanivel and Kumaravel 

[29] 
Adaptive SVM ( train: 80% - test: 20%) 99.87 

2011 Fan et al. [30] CBFDT ( train: 50% - test: 50%) 98.90 

2011a Chen et al. [31] RS-SVM ( train: 80% - test: 20%) highest 100 

  RS-SVM ( train: 50% - test: 50%) average 96.87 

2011 Xu et al. [32] Kernel-based orthogonal transform (10-

fold CV) 

98.53 

  Kernel-based orthogonal transform ( train: 

50% - test: 50%) 

98.53 

  Kernel-based orthogonal transform ( train: 

80% - test: 20%) 

100 

  Kernel-based orthogonal transform ( train: 

70% - test: 30%) 

99.51 

2011 Chen et al. [33] 

 

 

PSO-SVM ( 10-fold CV ) 99.3 

 

 

 

2012 Our study PCA-LM ( train 68%-validation 16%-testing 

16%) highest 

100 

 

 

  PCA-LM ( train 68%-validation 16%-testing 

16%) lowest 

96.08 

  PCA-LM ( train 68%-validation 16%-testing 

16%) average 
98.55 
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problem.  Accuracy of mammography, and FNAC varies from 68% to 79%, and 65% 

to 98% respectively [3][4]. Moreover, the visual interpretation requires experience of 

a doctor. So, a better automated diagnostic tool is solicited to diagnose breast 

cancer.  

With the establishment of UCI machine learning repository [5], where one can find (i) 

Breast cancer Wisconsin (Original) data set,  (ii) Breast cancer Wisconsin (Diagnostic) 

data set, (iii) Breast cancer Wisconsin (Prognostic) data set;  various techniques and 

tools are being explored in the form of data mining  for better diagnosis of breast 

cancer. Starting from ‘Cancer diagnosis via linear programming’ *6+ in the year 1990, 

we find various data mining approaches in literature using ‘machine learning / 

intelligent systems’ tagged with various classification accuracies. Much of the studies 

used breast cancer Wisconsin ( original ) data set; an year wise development  

comparison of which is presented in Table 6.1.  However, there are some studies [7] 

using breast cancer Wisconsin(diagnostic) data set as well as breast cancer 

Wisconsin ( prognostic ) data set. In addition to the UCI data sets, peoples use other 

cancer data sets as well [8]. This study considers breast cancer Wisconsin ( original ) 

data set; the details of which are discussed in section 2. 

From Table 6.1, we find that various techniques have been attempted primarily to 

reach high classification accuracy.  At the same time, easy implementation, low 

computational costs were the issues of consideration of studies. Linear programming 

(LP), decision tree, RIAC, linear discrete analysis (LDA), neuro-fuzzy, fuzzy-GA, 

learning vector quantization (LVQ), feed forward neural network rule extraction, 

combined logarithmic simulated anneling with perceptron, supervised fuzzy 

clustering, support vector machine (SVM), probabilistic neural network, recurrent 

neural network, combined neural network, multilayer perceptron neural network, 

least square support vector machine (LS - SVM), linear least squares, particle swarm 

optimization (PSO), association rules combined with neural networks (AR+NN), 

Kernel-based orthogonal transform, artificial metaplasticity neural network (AMMLP) 

are the different methods used in the studies listed in Table 6.1. 

A few observations are noted here from Table 6.1. First, much of the works having 

high classification accuracy are based on hybrid approach. Second, neural network 

and SVM with various combinations with least square, f-score, rough set, fuzzy-

artificial immune system lead to higher classification accuracy. Third, 10-fold cross-

validation and train x% - test (100-x)% validation techniques have been deployed. 

Moreover, different combinations of  train x% - test (100-x)% have been used; the 

rationale of which is not clear.   Fourth, it is not clear from some of the papers that 

the accuracy they achieved are the results of the best simulation product or are an 
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average of several simulations [28].  Fifth, some studies used 699 instances with 

using replacements of missing values by mean value of the attribute [33]. Others use 

only 683 instances by excluding the instances with missing values. Sixth, different 

studies suggest different sets of reduced features which were combined with 

different classification algorithms producing good accuracy levels. When two or 

more different reduced sets  of features produce same or comparable classification 

performance with the same classification algorithm; it is a question which set should 

be taken into consideration for further scrutiny  by the physicians for final decision 

making. Last, but not the least, some studies pointed out the highest ( 100%) 

performance of a particular simulation but did not point out the lowest achievable 

performance of a simulation. In medical diagnosis, where there is a question of life 

and death, it is rather more important to see the worst performance of a system 

than a particular best simulation result.  

In this study, we attempt four combinations (i) CFS + LM (ii) RS + LM (i) PCA + IBPLN, 

(ii) PCA + LM i.e. features are selected using correlation-based feature subset 

selection, rough set, and principle component analysis methods, and incremental 

backpropagation learning network and Levenberg – Marquardt algorithms are used 

as classifier. We focus on the worst simulation result, the best simulation result as 

well as an average of 100 simulations for combinations (i) and (ii) and 120 

simulations for combinations (iii) and (iv).  

The rest of the study is organized as follows. Section 2 discusses the Wisconsin 

breast cancer database. Section 3 discusses the applications. Section 4 discusses 

preliminaries of feature selection techniques such as CFS, RS, and PCA as data 

preprocessing steps. Section 5 discusses the preliminaries of ANN, IBPLN, and LM 

classification algorithms. Section 6 presents the modeling results. Section 7 specifies 

benchmarking parameters used to evaluate the performance of model. Experimental 

results are presented in section 8. Lastly, our conclusions are summarized.  

 

6.2. Wisconsin Breast Cancer Database 

This database was contributed by Dr. William H. Wolberg (1989-1991), University of 

Wisconsin Hospitals, Madison, USA [1]. The records came periodically as Dr. Wolberg 

reports his clinical cases. The total number of instances is 699; and the number of 

attributes is 10 plus the class attribute. As the class distribution, there are 458 

(65.5%) Benign cases and 241 (34.5%) Malignant cases. There are 16 instances with 

missing values in the data set. The attribute information and statistics are shown in 
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Table 6.2.  In our study, we discard these 16 instances with missing values and use 

683 instances for analysis. 

 

 

     Table 6.2. Wisconsin Breast Cancer Data with Statistics 

# Attribute Domain Mean 
Standard 
deviation 
 
 
De 

1. Sample code number id  number - - 

2. Clump Thickness 1-10 4.44 2.83 

3. Uniformity of cell size 1-10 3.15 3.07 

4. Uniformity of cell shape 1-10 3.22 2.99 

5. Marginal adhesion 1-10 2.83 2.86 

6. Single epithelial cell size 1-10 2.23 2.22 

7. Bare nuclei 1-10 3.54 3.64 

8. Bland Chromatin 1-10 3.45 2.45 

9. Normal nuclei 1-10 2.87 3.05 

10. Mitosis 1-10 1.60 1.73 

11. Class ( 2 for benign, 4 for malignant) 

 

 

6.3. Application 

Basically, this study consists of two stages: the feature extraction and reduction 

phase by correlation based feature subset selection (CFS), rough set (RS), and 

principal component analysis (PCA);  and classification phase by incremental back 

propagation learning networks (IBPLN), and Levenberg-Marquardt (LM) algorithms. 

The schematic view of our system is shown in Figure 6.1.  
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   Figure 6.1. Block Diagram of a System for Breast Cancer Diagnosis. 

 

6.4. Data Preprocessing 

Though often neglected, data preprocessing is a vital step in data mining. Raw data 

may contain noise, missing value, outliers, and inconsistencies. During training 

phase, it is very much difficult to extract knowledge from data which are noisy and 

unreliable. The objective of data preprocessing is to improve the quality of data as 

well as the mining results. Different steps of data mining process are discussed in 

chapter 4. 

There are 699 instances in Wisconsin breast cancer data set. 683 instances are taken 

into consideration after deleting 16 instances which contain missing value. We 

completely randomize the data sets after missing records deletion. There is no 

outlier in our data. The whole data set is partitioned into three: Training set ( 68%), 

Validation set ( 16%), and Test set ( 16%). 

 

6.4.1. Feature Extraction or Reduction 

Feature extraction or reduction or simply dimensional reduction is one of the 

strategies of data reduction where redundant, irrelevant and weakly relevant 

features are identified and removed. This step is needed to improve the 

performance of intelligent model. This work uses following three strategies to 

extract features. 

Wisconsin Breast Cancer 

Database (original) 

Feature Extraction or 

Reduction using CFS, RS 

and PCA 

Classification using Four 

Combinations CFS+LM, RS+LM, 

PCA+IBPLN and PCA+LM 

Decision Space 
1. Benign 
2. Malignant 
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 Correlation based feature subset selection (CFS) 

 Rough Set (RS) 

 Principal Component Analysis (PCA) 

 

6.4.1.A. Correlation based Feature Subset Selection (CFS) 

Correlation based feature subset selection technique evaluates the relevancy of a 

subset of features in determining a class. In this process the relevancy of each 

individual features along with the inter-correlation between the features are taken 

into account. CFS algorithm identifies a subset of features which are relevant to a 

class and not redundant to any other features. It means that features, selected in the 

subset, are highly correlated with the class, but uncorrelated with other features. 

Based on test theory [18], the feature evaluation formula is defined as given below 

(Eq. 1.): 

 

 
 

  =    (1) 

 } 

 

 

where, k, rfc,  𝑟𝑓𝑐     and  𝑟𝑓𝑓     are number of attributes, correlation between the summed 

features, average of correlations between the features and the class variable and 

average of inter-correlation between features. As a preprocessing step supervised 

discretisation method is used to transform continuous features into categorical 

features. This is done to include nominal or categorical and also continuous or 

ordinal features in Eq. 1 [34]. The evaluation of the degree of relationship between 

nominal features has been done by using the theory of information gain [35]. 

Different heuristic search strategies like best-first and hill-climbing [36] are often 

implemented to identify feature subset in reasonable amount of time.  

We implement CFS algorithm as feature evaluator. Out of 10 attributes of the said 

data set, 5 attributes are selected after applying CFS algorithm as shown in Table 6.3. 
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      Table 6.3.  Reduced feature sets applying CFS   
           Sr. Reduced Attributes 
 No. (CFS) 
 1. Clump Thickness 

 2. Uniformity of cell size 
 3. Bare nuclei 

 4. Bland Chromatin 

 5. Normal nuclei 
 

 

 

6.4.1.B. Feature Selection using Rough Set 

Rough set theory (RST) can be used as a tool to determine minimal feature subset 

from a data set that represents the original features. RST can be used to find out 

data dependencies and to reduce dimension of data set using only the data in the 

original data set without requiring any additional information (Pawlak, 1991; 

Polkowski, 2002). Recently, RST has been implemented in different areas of problem 

domain and is an important topic to researchers. RST can be used to determine a 

subset of original attributes (called reduct) with discretized values which represents 

the whole data set and thus other attributes can be removed without any loss of 

information. 

Let I=(U,A) is an information system, where U is a nonempty finite set of objects 

(Universe of discourse) and A  is a nonempty finite set of attributes. IND(P) is an 

associated equivalence relation for any P ∈ A, which is as follows: 

 IND(P) = {(x,y) ∈ U2 ∣ ∀a ∈ P, a(x) = a(y)}  (2) 

x and y are indiscernable by attribute from P if (x,y) ∈ IND(P). 

Let us consider X ⊆ U. By constructing P-lower (PX) and P-upper (PX) approximations 

of X, X can be approximated using the information contained within P. Where: 

PX = {x ∣ [x]P ⊆ X}     (3) 

PX = {x ∣ [x]P ∩ X ≠ ⏀}    (4) 
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If P and Q are in equivalence relation over U, the positive region can be defined as: 

 POSP (Q) =  ∪  PX      (5) 

                                x∈U/Q 

 
If P, Q ∈ A, Q is said to be dependent on P and the rough set degree of dependency 

K, where 0 ≤ K ≤ 1 are defined using the definition of positive region as give below: 

K = ƳP(Q) = ∣POSP(Q)∣ / ∣U∣    (6) 

If C is the set of conditional attributes and D is the decision attribute, a feature x ∈ C 

is indispensable in P, if ƳP(D) = ƳP-x(D); otherwise x is indispensable with respect to D. 

A set B ∈ C is independent if all of its attributes are indispensable. A set  of features 

R ∈ C, is said to be reduct of C if R is independent and POSR(D) = POSC(D). 

We apply  rough set as attribute evaluators. The reduced features sets by applying 

rough set are shown in Table 6.4. We adopted the methodology of Chen et al. [31] 

for rough set reduction. 

 

Table 6.4.   Reduced feature sets applying rough set 

    Sr. Reduced Attributes 
 No. (rough set) 
 1. Clump Thickness 

 2. Uniformity of cell shape 

 3. Bare nuclei 

 4. Marginal adhesion 

 5. Mitosis 
 
 

 

6.4.1.C. Feature Selection using Principal Component Analysis (PCA) 

It is very much difficult to identify any pattern in data for a data set of huge 

dimension. Principal component analysis (PCA) is a tool to find a pattern in such 

cases efficiently. After discovering  the pattern, the data set can be compressed by 

reducing the dimension of it and retaining the information of the original data set. 

PCA is one of the most powerful methods to analyze data. The steps in PCA are as 

follows: 
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 For each attribute in the given data set subtract the mean value of the 

corresponding attribute from the original value of it. 

 Evaluate the covariance matrix. 

 Compute the eigenvectors and eigenvalues of the covariance matrix 

 Eigenvectors are arranged by their eigenvalues in descending order. 

 If the dimension of the data set be n, from n number of eigenvectors, one 

may choose m number of eigenvectors by neglecting the eigenvectors with 

smaller eigenvalues. It can be done as removing the eigenvectors with 

smaller eigenvalues do not cause much loss of information. Thus the final 

data set reduced to m dimension and that can be  given as follows: 

 

Final Data Set = Row_Feature_Vector X Row_Data_Adjust  (7) 

 

where, Row_Feature_Vector is a matrix in which each row represents a column 

transposed eigenvector and eigenvalues of the eigen vector corresponding to the ith  

row is greater than that of (i+1)th row. The Row_Data_Adjust is the mean adjusted 

data transposed. 

We  apply PCA  as attribute evaluators. We got seven extracted features after 

applying PCA as follows : 0.381Unif_cell_size + 0.378Unif_cell_shape + 

0.346Bland_Chromatin + 0.336Sing_Epi_cell_size+0.336Normal_Nucleoli...,  

0.906Mitoses-0.261Bare_nuclei-.228Bland_Chromatin + 0.164Sing_Epi_cell_size  -

0.141Clump_Thickness..., -0.866Clump_Thickness+0.413Margi_Adhesion + 

0.213Bland_Chromatin+0.134Normal_Nucleoli + 0.088Sing_Epi_cell_size..., -

0.499Bare_nuclei-0.493Margi_Adhesion + 0.427 Sing_Epi_cell_size + 

0.417Normal_Nucleoli-0.259Mitoses..., '0.69 Normal_Nucleoli  - 0.637 

Sing_Epi_cell_size + 0.228 Bland_Chromatin-0.146Unif_cell_size-

0.125Bare_nuclei...', 0.655Margi_Adhesion - 0.609Bare_nuclei-

0.299Bland_Chromatin+0.243Clump_Thickness - 0.148 Mitoses..., '-

0.7Bland_Chromatin+0.46 Normal_Nucleoli + 0.403Bare_nuclei + 

0.211Sing_Epi_cell_size-0.205Unif_cell_size...'.    
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6.5. Artificial Neural Network Architecture 

Recently, artificial neural network (ANN) has been used as a powerful tool to medical 

domain. The most useful application in this domain is to analyze complex clinical 

data for classification problems that is ANN is used to identify in which class a patient 

can be assigned. ANN is a computational model containing a number of interlinked 

processing elements, called nodes, which are able to operate in parallel like human 

brain. The models are designed by the inspiration of biological nervous system. The 

different tasks involved in designing ANN model are: 

 deciding which type of the network is to be considered – feedback or 

feedforward. 

 deciding the number of layers in the network. 

 deciding the number of neurons in each layer. 

 deciding the activation function of node. 

 deciding the way in which the nodes are interlinked. 

In general, balancing the trade-off between accuracy and generalizability is the 

prime characteristic of selecting a model. The ANN model selection includes choice 

of network architecture and feature selection. The hold-out data set called the 

validation set would be useful helping all these decisions successful [37]. Validation 

set is a part of our data used to tune the network topology or network parameters 

other than weights. In our networks, we use logistic function of the form    

F(x) = 1/ (1+e-x) in the hidden and output nodes. Theoretically, a network with one 

hidden layer and logistic function as the activation function at the hidden and output 

nodes is capable of approximating any function arbitrarily closely, provided that the 

number of hidden nodes are large enough [38]. So, we use one input layer, one 

hidden layer, and one output layer. The number of neurons in ANN is always a 

problem; too few hidden nodes as well as too many hidden nodes have certain 

problems. To overcome the problem, the formula proposed by Goa [39] was used in 

our study. The said formula is as follows: 

 

s =   (a1m2 +  a2mn + a3n2 + a4m + a5n + a6) + a7          (8) 
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where s is the number of neuron, m is the number of input, n is the number of 

output, a1 ~ a7 are undefined coefficients. Using least mean square ( LMS), Huang et 

al. [26] derived the following formula:  

 

s=  (0.43mn + 0.12n2 + 2.54m + 0.77n + 0.35) + 0.51   (9)  

  

In the present study for the combinations CFS + LM and RS + LM, the value of m = 5, 

n = 2; and hence s = 5 after round off. So in this study we use 5 neurons at the 

hidden layer. The corresponding network architecture is shown in Figure 6.2. For 

another approach where PCA is used to extract features, the values of m and n are 7 

and 2 respectively; and hence s= 6 after round off. So, in this study, we use six 

neurons at the hidden layer for all combinations, which is shown in Figure 6.3.  

 

 

 
Figure 6.2. ANN Architecture for the Combinations CFS + LM and RS + LM  
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Figure 6.3. ANN Architecture for the Combinations PCA + IBPLN and PCA + LM 

 

The final step is to adjust the link-weights and threshold values based on training 

data set. Hundreds of training or learning algorithms are available. Two algorithms, 

namely, incremental back propagation learning network (IBPLN) and Levenberg-

Marquardt (LM) algorithms are used in this study. 

 

6.5.1. Incremental Back Propagation Learning Network 

The main issue of incremental learning network design is the way of learning new 

knowledge without forgetting the previous knowledge [40]. Incremental 

backpropagation learning network (IBPLN) is the modification of incremental 

learning method, which employs bounded weight modification, structural adaptation 

and applies initial knowledge to constrain the learning process. IBPLN is not like 

incremental by nature. The network is modified for the arrival of new instance and 

stored the previous one if it is not in conflict with the new. IBPLN algorithm is 

discussed in chapter 3. 
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6.5.2. Levenberg-Marquardt Algorithm 

Levenberg-Marquardt  (LM) algorithm is considered as a standard technique to solve 

non-linear least square problems. A parameterized function can be fitted into a set 

of data points by minimizing the sum of squares of errors between the data points 

and the function. The least square problem is non-linear if the function which has 

been fitted is not linear. LM algorithm is a repetitive method to minimize the sum of 

squares of errors between the data points and the function through a sequence of 

updation of values of parameters. LM algorithm is basically a curve fitting technique 

which combines two methods of minimization, namely, Gauss-Newton method and 

gradient descent method. In case of Gauss-Newton method the sum of squares of 

errors is minimized by finding the minimum of quadratic function, which is 

considered as the least square function. Updation of parameters in the steepest 

descent direction has been done in the case of gradient descent method to minimize 

the sum of squares of errors. These two minimization techniques are combined into 

LM method. LM algorithm has been discussed in chapter 3. 

 

 

6.6. Modeling Results 

WEKA [41] was used for feature set reduction using  CFS and PCA. RSES [42] was 

used for feature reduction using rough set. The classification algorithms using four 

combinations were implemented in Alyuda NeuroIntelligence [43]. All the mentioned 

tasks were executed on Intel Core Solo T1350 CPU (1.86GHz, 533MHz FSB, 2MB L2 

cache) with 512MB DDR2 RAM.   

Table 6.5 and Table 6.6 show the network structure, epochs, numbers of retains, and 

numbers patterns used in training, validation and testing phases for different 

combinations. As overtraining control measure, we retain the copy of the network 

with the lowest validation error. 
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           TABLE 6.5. Network Parameters Applying to WBCD 

Types  Network  
Epochs Numbers patterns 

  

Classifiers 

 

structure 

   

  

(retrain) 

     

 I 

 

HL 

 

O Training Validation 

 

Testing 

 

     

CFS + 
5 

 
5 

 
1 2000(10) 465 109 

 
109 

 

LM 

    

           

rough set 
5 

 
5 

 
1 2000(10) 465 109 

 
109 

 

+ LM 
    

          
 

 
 
 
 
 
 
 
 
 
 
 
 

        Table 6.6. Network Parameters Applying to WBCD. 

Types 
Classifiers 

Network 
structure 

Epochs(retrain) 
Numbers patterns 

I HL O Training Validation Testing 

PCA + 
IBPLN 

7 6 1 2000(10) 465 109 109 

PCA + LM 7 6 1 2000(10) 465 109 109 
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6.7. Performance Measure 

The classification accuracy, sensitivity, specificity and area under ROC curve (AUC) 

have been computed as performance measure. The formulations are as follows: 
 

 

Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
  x 100%                                   (10) 

Sensitivity = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
 x 100%                                               (11) 

Specificity = 
𝑇𝑁

𝐹𝑃+𝑇𝑁
 x 100%                                               (12) 

 

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and 

false negatives respectively. The area under ROC curve (AUC) is an important 

measure of classification performance that is being used in biomedical research to 

assess the performance of diagnostic tests [44].  AUC close to one indicates more 

reliable diagnostic result. 

 

 

6.8. Experimental Results 

The compiled results from 120 simulations of our studies using the combinations CFS 

+ LM and RS + LM are shown in Table 6.7 [45]. 

The following observations are noted below: 

 Out of the two methods, CFS+LM shows better performance in terms 

of CCR, Specificity, Sensitivity, and AUC. 

 The methods, used here, provide 100% classification accuracy as the 

highest performance using 68% training, 16% validation, and 16% 

testing data sets. This is comparable to other similar studies [31], [32]. 

 The lowest classification performance is 94.29% for the combination 

CFS + LM. We could not compare this result as there is no such data 

available from the literature of this kind. 

The compiled results from 100 simulations of our studies using combinations PCA + 

IBPLN and PCA + LM are shown in Table 6.8.  
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The following observations are noted below: 

 Out of the two methods, PCA+LM shows best performance in terms of 

CCR, Specificity, Sensitivity, and  AUC.  

 All of the methods provide 100% classification accuracy as the highest 

performance using 68% training, 16% validation, and 16% testing data 

sets. This is comparable to other similar studies [31], [32].   

 The lowest classification performance is 96.08%. This result could not 

be compared due to unavailability of any such result obtained from 

previous studies. 

 

 

 

 
                     TABLE 6.7. Results from 120 Simulations [45]   

             Test set ( CCR%)   Specificity   Sensitivity   AUC  
 

Methods               

Highest Lowest 
 

Avg Highest  Lowest 
Avg Highest Lowest 

Avg Highest Lowest 
Avg 

 

   

 

( freq) ( freq) 

 

(freq) ( freq) ( freq) ( freq) ( freq) ( freq) 

 

      
 

CFS 
+LM 

100(6) 94.29(4)  
97.45 100(19) 84.21(1) 95.28 100(38) 94.20(1) 98.53 100(10) 94(1) 99.27  

 

 
 

             
 

Rough 
set+LM 

100(3) 93.33(1)  
97.23 100(16) 83.87(1) 94.94 100(40) 93.42(1) 98.46 100(5) 93(1) 99.11  
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         TABLE 6.8. Results from 100 Simulations   

             Test set ( CCR%)   Specificity   Sensitivity   AUC  
 

Methods               

Highest Lowest 
 

Avg Highest  Lowest 
Avg Highest Lowest 

Avg Highest Lowest 
Avg 

 

   

 

( freq) ( freq) 

 

(freq) ( freq) ( freq) ( freq) ( freq) ( freq) 

 

      
 

PCA 
+IBPLN 

100(10) 95.1(1)  
98.04 100(27) 85.71(1) 96.36 100(45) 95.65(1) 98.86 100(18) 97(1) 99.57  

 

 
 

             
 

PCA+LM 
100(16) 96.08(1)  

98.55 100(32) 89.29(1) 96.92 100(60) 97.06(1) 99.31 100(29) 98(3) 99.65  

 

 
 

             
 

 

 

6.9. Conclusion 

Four combinations of intelligent diagnostic system have been tried for breast cancer 

diagnosis. It is noted that none of the previous works pointed out the lowest 

performance of their systems. We argue that the lowest performance of an 

intelligent system, especially in the field of medical diagnosis, should also be a 

judging parameter for the several simulations [28].  So, we present here the highest, 

lowest, and the average behavior of the methods used.  

This work provides better result as compared to the results of Chen et al. [31].  In a 

significant number of cases, specificity, sensitivity, and AUC have reached 100% 

which are comparable to other similar studies [31], [32]. While this work does not 

claim the highest performance achiever, but at the same time reports that a 

combination of seven extracted features derived using PCA would have been 

worthwhile when the final decision is made by the doctors. Moreover, the lowest 

achievable performance with 96.08% classification accuracy is relatively better than 

classical techniques. The lowest, the highest, and the average performance of a DSS 

should be judged by a user of the system before using the same. 
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CHAPTER 7 

 

       Cardiac Arrhythmia Disease Diagnosis§ 

 
 

7.1. Introduction 

Recently, heart disease is considered as one of the major diseases world-wide. 

Sudden deaths can be prevented by providing proper medical treatment, if the 

disease has been detected at an early stage [1]. ECG or EKG (Electrocardiogram) 

produces a graphical representation of electrical impulses of heart and regarded as 

an important tool to diagnose heart disease. A patient suffering from Cardiac 

arrhythmia has a problem of abnormal or irregular heart rhythm. When heart beat 

rate is less than 60 beats per minute that is too low, the patient is suffering from 

bradycardia. If heart beat rate is more than 100 beats per minute that is too fast, the 

patient is suffering from tachycardia.  When arrhythmias are severe, the heart’s 

ability to pump blood may be reduced causing shortness of breath, chest pain, 

feeling tired, loss of consciousness etc. If more severe, it can cause heart attack or 

death. 

This work is an attempt to detect and classify the cardiac arrhythmia at an early 

stage to avoid any bad happenings. Approaches have already been developed for 

classifying cardiac arrhythmias based on ECG signal data but still show poor 

performance. Various machine learning and data mining methods are being 

deployed to improve the detection of cardiac arrhythmia. But, however, there are 

differences between the cardiolog’s and the program classification. Taking the 

cardiolog’s as gold standard, we are to minimize the difference by means of machine 

learning tools [2]. 

Different approaches have been proposed to develop automated recognition and 

classification of ECG. Self-Organizing Maps (SOM), Support Vector Machines (SVM), 

Multilayer Perceptron (MLP), Markov Models, Fuzzy or Neuro-fuzzy Systems and 

combinations of different approaches have been proposed to improve performance 

[3-9]. 

§ This chapter is based on the publication made by the author entitled “Cardiac Arrhythmia 

Classification Using Neural Networks with Selected Features”, International Conference on 
Computational Intelligence: Modeling Techniques and Applications (CIMTA) 2013, Procedia 
Technology (ELSEVIER), Vol. 10, pp. 76 – 84. 
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This study is to present new approaches for cardiac arrhythmia disease classification. 

An early and accurate detection of arrhythmia is highly solicited for augmenting 

survivability. In this connection, intelligent automated decision support systems have 

been attempted with varying accuracies tested on UCI arrhythmia data base. One of 

the attempted tools in this context is neural network for classification. For better 

classification accuracy, various feature selection techniques have been deployed as 

prerequisite. This work attempts genetic algorithm and correlation-based feature 

selection (CFS) with linear forward selection search to extract feature, which are 

useful to reduce dimension of data set.  For classification, we use incremental back 

propagation neural network (IBPLN), and Levenberg-Marquardt (LM) classifiers 

tested on UCI data base. We compare classification results in terms of correct 

classification accuracy, specificity, sensitivity and AUC (area under ROC curve). This 

work attempted four combinations (i) a combination of  GA + IBPLN, (ii) a 

combination of  GA + LM, (iii) a combination of CFS + IBPLN, and (iv) a combination of 

CFS + LM.  We focus on the worst simulation result, the best simulation result as well 

as an average of 100 simulations. Experiments have been carried out using UCI data 

set [2]. The aim is to distinguish between the presence and absence of cardiac 

arrhythmia that is classifying normal or cardiac arrhythmia.  

The rest of the chapter is organized as follows. Section 2 discusses the UCI 

arrhythmia data set. Section 3 discusses applications. Section 4 discusses the 

preliminaries of feature selection and reduction and GA, and CFS as implementation 

techniques. Section 5 discusses the preliminaries of artificial neural networks (ANN) 

along with incremental back propagation learning networks (IBPLN), and Levenberg-

Marquardt (LM) classifiers. Section 6 presents the modeling results. Section 7 

presents the performance prediction parameters used in this study to judge the 

proposed system. Experimental results of simulations are presented in section 8. 

Lastly, our conclusions are summarized.  

 

7.2. UCI Arrhythmia Data Set 

This database was contributed by Dr. H. Altay Guvenir ( 1998) [2]. The total number 

of instances is 452. The number of attributes is  279, 206 of which are linear valued 

and the rest are nominal. The data set contains 32 instances with missing values. For 

missing values, in our study, we discard these 32 instances with missing values and 

use 420 instances. Class distribution of UCI cardiac arrhythmia database is shown in 

Table 7.I. There are 16 classes in the data set. We only classify the presence absence 

of cardiac arrhythmia. 
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7.3. Application 

Basically, this study consists of two stages: The feature extraction and reduction 

phase by genetic algorithm (GA), and correlation-based feature subset selection 

(CFS), and classification phase by incremental back propagation neural networks 

(IBPLN), and Levenberg-Marquardt (LM) algorithm. The schematic view of our 

system is shown in Figure 7.1.  

 

Table 7.1. Class Distribution of Arrhythmia Data Set 

Class code Class Number of instances 

01 Normal 245 

02 Ischemic changes (Coronary Artery Disease) 44 

03 Old Anterior Myocardial Infarction  15 

04 Old Inferior Myocardial Infarction  15 

05 Sinus tachycardy 13 

06 Sinus bradycardy 25 

07 Ventricular Premature Contraction (PVC) 3 

08 Supraventricular Premature Contraction 2 

09 Left bundle branch block  9 

10 Right bundle branch block 50 

11 1. degree AtrioVentricular block 0 

12 2. degree AV block 0 

13 3. degree AV block 0 

14 Left ventricule hypertrophy  4 

15 Atrial Fibrillation or Flutter 5 

16 Others 22 
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    Figure 7.1. Block Diagram of a  System  for Arrhythmia Diagnosis 

 

 

7.4. Data Preprocessing 

Real world data may be incomplete, noisy and inconsistent. For this reason data 

preprocessing is an important step before analysis of data for the purpose of data 

cleaning, data integration, data transformation, data reduction and data 

discretisation. It is done to improve the result and to enhance the computational 

efficiency of artificial neural network model. All these steps of data preprocessing 

are discussed in Chapter 4. 

We deleted columns with all 0’s and missing values and we also deleted columns of  

which most of the elements are 0’s. We got 182 columns of which 9 are categorical 

and 173 are numerical. Next, we deleted 32 rows with missing values and the rest 

420 records were considered for analysis. We completely randomize the data sets 

after missing records deletion. There is no outlier in our data. The data set is 

partitioned into three: Training set ( 68%), Validation set ( 16%), and Test set ( 16%). 

For dimensionality reduction of the data set we employed genetic algorithm (GA) 

and correlation based feature subset selection (CFS) techniques. 

 

7.4.1. Feature Extraction or Reduction 

The best classifier may perform worst if the appropriate features are not selected 

[10], [11]. For this reason it is considered as one of the vital steps for classification. 
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Most of the important information of original data set are represented in the 

reduced data set. This reduced data set improves the computational efficiency while 

analyzing the data using ANN. Correlation-based feature subset selection (CFS) [12], 

Principal Component Analysis (PCA) [10], Association Rules (AR) [13], Rough Set 

theory [14] and Genetic Algorithm (GA) are some of the techniques for this purpose. 

This work uses GA and CFS.  

 

7.4.2. Genetic Algorithm (GA) 

Genetic Algorithms is a procedure to find optimum value of some function based on 

the idea of Darwinian forces of natural selection (Mitchell, 1998). Many studies used 

this algorithm to select effective features from data set. GA calculates an initial set of 

candidate solutions referred to as population and their corresponding fitness values. 

Larger fitness values are better. Each solution is known as an individual. Next 

population is made up of producing offspring by randomly combining the individuals 

with the best fitness values. To accomplish this individuals are selected and undergo 

crossover and also are subject to random mutations. By repeating the process many 

generations are created to produce better solution. 

For feature selection, the individuals are subsets of predictors that are represented 

as binary; a feature is either included or not in the subset. The fitness values are 

some measure of model performance. 

GA has been applied as attribute evaluator. Binary encoding, the most frequently 

preferred representation style was used to represent parents in GA. We ran Genetic 

Algorithm for 50 generations with population size 30 for 50 times and selected 

features set for each time was recorded. Crossover operator in this algorithm was 

taken as 50% and mutation rates defined as 5%. Finally we select those attributes as 

reduced features which are present in 60% of the recorded sets of features.  16 

reduced features obtained in this way are shown in Table 7.2. 
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    Table 7.2. Reduced Feature Sets Applying GA  
           Sr. Reduced Attributes 
 No. (GA) 
 1. DI18 

 2. DII29 
 3. DI33 

 4. DII88 

 5. DII91 

 6. DII93 

 7. DII99 

 8. DII101 

 9. DII103 

 10. DI160 

 11. DII174 

 12. DII179 

 13. DII201 

 14. DII256 

 15. DII259 

 16. DII260 
 

 

 

7.4.3. Correlation Based Feature Subset Selection (CFS) 

CFS technique selects features from a data set which are highly correlated with the 

class. The selected features are uncorrelated with each other [12]. Test theory based 

[18] operational definition of feature evaluation formula is given in Eq. 1. 

 

 

 𝒓𝒇𝒄   =                      (1)    

 

 

        

Variables of Eq. 1 were discussed in previous chapters. This formula along with 

proper correlation measure has been coupled with heuristic search strategy in CFS 

algorithm.  

  

 } 



 
142 Cardiac Arrhythmia Disease Diagnosis  

One of the most important factors of intelligent model performance is the nature of 

data used to train the model. Learning algorithm may fail if there is no statistical 

regularity in the data. Before applying classifier numerical and ordinal features   are 

transformed to categorical features using the supervised discretisation method of 

Fayyad and Irani [15] as a preprocessing step. The theory of information gain [16] is 

applied to estimate the degree of associations between nominal features. Moreover, 

if n is the number of possible initial features, there are 2n possible subsets of 

reduced features. For large data set, it would be very difficult to find the best subset 

by exploring each and every such subset. Heuristic search strategies, such as best 

first and hill-climbing [17] are often used to search the feature subset in reasonable 

amount of time. Moreover, both filter type as well as wrapper types of feature 

selection methods use correlation-based approach in different applications [18], 

[19]. As CFS operates on original data set, learning algorithms can acquire most of 

the knowledge of the original data set from the selected features.  We  apply CFS  

with linear forward selection search method as attribute evaluators. We got 18 

attributes as reduced feature set as shown in Table 7.3.. 

 

 

       Table 7.3.  Reduced Feature Sets Applying CFS  

 Sr. Reduced Attributes 

 No. (CFS) 

 1. Sex 
 2. QRS Duration 

 3. DII49 

 4. DII76 

 5. DII91 

 6. DII103 

 7. DII112 

 8. DII163 

 9. DII167 

 10. DI169 

 11. DII173 

 12. DII199 

 13. DII207 

 14. DII211 

 15. DII261 

 16. DII267 

 17. DII271 

 18. DII277 
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7.5. Artificial Neural Network (ANN) Architecture 

In 1943, McCulloch and Pitts designed a simple neural network using electrical circuit 

to explain the working of human brain. Later, in 1958, Roserblatt invented learning 

mechanism for McCulloch and Pitts model of neuron. Different components of ANN 

are – node, input, link-weights, and output, which behave like soma, dendrites, 

synapse and axon respectively of biological neural network. ANN is a collection of 

interlinked nodes and each link is associated with a weight. Figure 7.2. Represents 

block diagram of a neuron. 

 

 

     Figure 7.2. Block Diagram of a Neuron. 

 

 

where, Xis are inputs, Wis are link weights, Yin is the net input to the activation 

function and is evaluated as follows: 

 

 Yin = X1W1 + X2W2 + X3W3 + …………… + XmWm   (2) 
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The output Y is the activation function of net input i.e. 

 

 Y = F(Yin)       (3) 

 

Taking the above model as basis different studies use different forms of ANN model 

to perform different tasks. The topologies of the ANN model also vary depending on 

the tasks to be performed. Design and learning or training are the two important 

tasks while working with ANN. Number of layers, number of neurons in each layer, 

type of network whether feedback or feedforward, type of activation function to be 

used, and the architecture of connectivity between neurons are the decisive factors 

in design phase. It should be done to improve the efficiency of the system. Validation 

set is very much useful in managing such decisions successfully [20]. Network 

topologies i.e. network parameters except link weights are adjusted using the 

validation set of the data set. Logistic function of the form F(x) = 1/ (1+e-x) is used as 

an activation of the hidden and output nodes. Theoretically, any function can be 

approximated arbitrarily closely if logistic function is used as an activation function at 

the hidden and output nodes of the network containing only one hidden layer [21]. 

For this reason the network with one input layer, one hidden layer, and one output 

layer is used in this work. Choosing the number of neurons in hidden layer of ANN 

architecture is always a problem; too few hidden nodes as well as too many hidden 

nodes may cause certain problems. To overcome the problem, the formula proposed 

by Goa [22] was used in our study. The said formula is as follows: 

 

s =   (a1m2 +  a2mn + a3n2 + a4m + a5n + a6) + a7               (4) 

 

where s is the number of neuron, m is the number of input, n is the number of 

output, a1 ~ a7 are undefined coefficients. Using least mean square ( LMS), Huang et 

al. [23] derived the following formula:  

 

s=  (0.43mn + 0.12n2 + 2.54m + 0.77n + 0.35) + 0.51      (5)    
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In the present study for the combinations GA + IBPLN and GA + LM the values of m 

and n are 16 and 2 respectively; hence s = 8 after round off. So, 8 neurons are used 

in the hidden layer for these combinations. The corresponding network architecture 

(16-8-1) is shown in Figure 7.3. For the combinations CFS + IBPLN and CFS + LM, m = 

18, n =2; and hence s= 8 after round off. So, we use eight neurons at the hidden layer 

for these combinations. So, our network becomes 18-8-1, which is shown in Figure 

7.4. As overtraining control measure, we retain the copy of the network with the 

lowest validation error. 

 

 
Figure 7.3. ANN Architecture for the Combinations GA + IBPLN and GA + LM 
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Using training data set, the link weights and threshold values are adjusted during 

learning phase. Donald Hebb was the first to propose the learning rule [24]. 

Recently, hundreds of such training algorithms are there in the literature [25], but 

backpropagation [26], [27], ART [28], and RBF networks [29] are the most well-

known among them. This work used incremental back propagation learning network 

and Levenberg-Marquardt algorithms as classifiers.   

  

Figure 7.4. ANN Architecture for the Combinations CFS + IBPLN and CFS + LM 
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7.5.1. Incremental Back Propagation Learning Network (IBPLN) 

In the case of IBPLN algorithm, a technique is used to minimize network output error 

with respect to previous records subject to the approximation of the network output 

to the desired result of the new record [30]. For this reason it is not incremental by 

nature [31] as the previous information is reexamined. Knowledge is represented by 

weight vector which is brought within a validity bound. Backpropagation rule of 

Rumelhart et al. [32] is employed as learning mechanism. Weight modification is 

bounded in a way to preserve the previous network knowledge while there is room 

for new knowledge. To do this a scaling factor s is employed to scale down all weigh 

adjustments to keep them within bounds. The scaling factor the nth iteration is as 

follows: 

 

 

 

where, B(p) is the bound for weight adjustment for an instance p, Wij is the weight 

from unit I to unit j, ( 0<  < 1) is a trial-independent learning rate, j  is the error 

gradient at unit j,  Oi  is the activation level at unit i, and the parameter k denotes the 

k-th  iteration. The learning rule is given in Eq. 7. 

 

Wij(k)  =  s(k) j(k)Oi(k)                 (7) 
 

 

For a given single misclassified instance the learning rule (2) is applied repeatedly 

until stopping criteria are met. Old weights are restored and bounded weight 

adaptation learning rule is applied if learning from the new instance has been done 

correctly, otherwise old weights are restored and the structural adaptation learning 

rules are applied. The stopping criteria are: the instance can be correctly learned or 

the output error fluctuates in a small range 
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7.5.2. Levenberg-Marquardt Algorithm (LM) 

Levnberg-Marquardt (LM) algorithm is considered as the most popular optimization 

method. It is generally implemented to find solution for minimization of nonlinear 

least square problems. This algorithm is useful to train small and medium sized 

network in the field of artificial neural network. The disadvantage of steepest 

descent method is that it suffers from problems of slow convergence. It is an 

inefficient technique as the convergence process is slow. This problem of slow 

convergence has been taken care of in Gauss-Newton approach, which provides fast 

convergence by choosing proper step size in each direction. LM algorithm combines 

these two techniques to achieve advantage of faster convergence of Gauss-Newton 

method and the stability of steepest descent method. By combining these two 

techniques the weight adjustment formula in step k+1 is calculated as given in Eq. 8. 

 

 

       w(k+1) = w(k) – (JT J + I)-1 JT 
(k)                 (8) 

 

where J, , and  are Jacobian matrix, adjustable parameter and  error vector 

respectively. Based on the development of error function the value of  is modified. 

If the step causes a reduction of error function, the result is accepted. Otherwise,  is 

changed; reset the original value and recalculate w(k+1). 

LM algorithm is one of the most efficient learning algorithms which solve the 

problems remaining in both steepest gradient descent algorithm and Gauss-Newton 

algorithm. The fundamental idea is that LM algorithm provides a combined learning 

process in which it behaves as steepest descent process around the complex 

curvature area until proper local curvature is found for making quadratic 

approximation; after that it behaves like Gauss-Newton method for faster 

convergence. It locates the minimum of multivariate function that is expressed as 

sum of squares of nonlinear real valued function [33], [34]. 

 

7.6. Modeling Results 

Alyuda Neuro Intelligence [35] was used for feature set reduction using GA. WEKA 

[36] was used for feature set reduction using CFS. The classification algorithms using 

four combinations were also implemented in Alyuda Neuro Intelligence [35]. All the 
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mentioned tasks were executed on Intel Core Solo T1350 CPU (1.86GHz, 533MHz 

FSB, 2MB L2 cache) with 512MB DDR2 RAM. 

Table 7.4(A) and Table 7.4(B) shows the network structure, epochs, numbers of 

retain, and number patterns used in training, validation and testing phases for four 

combinations. The copy of the network with the lowest validation error was retained 

as a measure of overtraining control. 

 

 

Table 7.4(A). Network Parameters Applying to Arrhythmia Data Set 
Types of  Network  

Epochs Numbers patterns 
 

 

Classifiers  structure   
 

  

(retrain) 
    

 

 I  

HL  

O Training Validation  

Testing  

    
 

GA+ 
16 

 

8 
 

1 2000(10) 68% 16% 
 

16% 
 

IBPLN    
 

          
 

GA 
16 

 

8 
 

1 2000(10) 68% 16% 
 

16% 
 

+ LM    
 

          
 

 

 

Table 7.4(B). Network Parameters Applying to Arrhythmia Data Set 
Types  Network  

Epochs Numbers patterns 
 

 

Classifie  structure   
 

  

(retrain) 
    

 

rs I  

HL  

O Training Validation  

Testing  

    
 

CFS + 
18 

 

8 
 

1 2000(10) 68% 16% 
 

16% 
 

IBPLN    
 

          
 

CFS 
18 

 

8 
 

1 2000(10) 68% 16% 
 

16% 
 

+ LM    
 

          
 

 

 

 7.7. Performance Evaluation Methods 

Classification accuracy, sensitivity, specificity and AUC are evaluated to measure 

performance of the models as these parameters are very important to measure 

predictive performance of an intelligent model [37]. The formulations are as follows: 
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Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
  x 100%                          (9) 

 

Sensitivity = 
𝑇𝑃

𝑇𝑃+𝑇𝑁
 x 100%                                     (10) 

 

Specificity = 
𝑇𝑁

𝐹𝑃+𝑇𝑁
 x 100%                                     (11) 

 

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and 

false negatives respectively. Moreover, area under ROC curve (AUC) is taken into 

consideration as measure of predictive performance of the models as it is used in 

biomedical research to assess the performance of diagnostic tests [38]. AUC close to 

one indicates more reliable diagnostic result [38] and in two-class problems it is 

considered one of the best methods for comparing classifiers. 

 

7.8. Experimental Results 

The compiled results from 100 simulations of our studies for four combinations are 

shown in Table 7.5(A), Table 7.5(B), Table 7.6(A), and Table 7.6(B).  

Table 7.5(A). Results from 100 Simulations 

 

 

Methods 

Test set ( CCR%) Specificity 

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Highest  
( freq) 

Lowest 
( freq) 

Avg 

GA + IBPLN 90.38 (1) 
73.08 

(1) 
80.79 92.31(1) 71.11(1) 81.33 

GA + LM 90.38 (1) 
75     
(1) 

82.18 90.48(1) 73.68(1) 83.77 
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Table 7.5(B). Results from 100 Simulations 

           
 
 
 

 Table 7.6(A). Results from 100 Simulations 

 

 

 

 

 

Methods 

Sensitivity AUC 

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Highest  
( freq) 

Lowest 
( freq) 

Avg 

GA + IBPLN 
100 
(8) 

50(1) 79.46 88(2) 60(4) 78.26 

GA + LM 
100 
(4) 

50 (1) 77.35 90(4) 70(1) 79.69 

Methods 

Sensitivity AUC 

Highest 

( freq) 

Lowest 

( freq) 
Avg 

Highest 

( freq) 

Lowest 

( freq) 
Avg 

CFS + IBPLN 
100 

(31) 
60(2) 84.7 95(1) 62(1) 79.26 

CFS + LM 
100 

(33) 

55.56 

(1) 

86.72 

 
96(1) 60(1) 81.88 
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Table 7.6(B). Results from 100 Simulations 

 
 

Observations, which are noted are as follows: 

 Out of the four methods, CFS+LM shows best performance in terms of 

CCR, Specificity, Sensitivity, and  AUC.  

 All of the methods provide 100% sensitivity  as the highest performance 

using 68% training, 16% validation, and 16% testing data sets.  

 

7.9. Conclusion 

This work has explored four combinations of intelligent diagnostic systems for 

cardiac arrhythmia diagnosis. We argue that the lowest performance should also be 

a judging parameter for the performance of a system. So, we present here the 

highest, lowest, and the average behavior of the methods used. 

This work provides a better result in terms of average classification accuracy 

compared to the results of some recent works [39, 40] on the same data set.  In a 

significant number of cases, sensitivity has reached 100%. It is proposed that CFS 

derived set of reduced features would have been worthwhile when the final decision 

is made by the doctors. 

 

Methods 

Test set ( CCR%) Specificity 

Highest 

( freq) 

Lowest 

( freq) 
Avg 

Highest  

(freq) 

Lowest 

( freq) 
Avg 

CFS + IBPLN 92.68(5) 
73.17 

(1) 
86.02 96.77(1) 72.97(1) 86.65 

CFS + LM 95.12(3) 
80.49 

(3) 

87.71 

 
100(1) 79.17(1) 88.38 
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CHAPTER 8 

 

                      Hepatitis Disease Diagnosis§ 

 
 

8.1. Introduction 

Hepatitis is a disease of liver which is an important organ of human body. It is an 

infection of the liver that does not pinpoint any particular reason [1]. Three main 

viruses which are causing hepatitis are: A –virus (HAV), B- virus (HBV), and C- virus 

(HCV). Recently, it has become one of the major diseases worldwide for which many 

casualties are reported. At present, it is reported that there are approximately 2 

million people are suffering from hepatitis B virus, and 200,000 to 300,000 people 

are suffering from  hepatitis C [2]. 

Early detection and proper medicinal management of hepatitis disease can reduce 

the risk of happening liver cancer. Any major symptoms are not reported from most 

of the patients infected with hepatitis B and hepatitis C, which is one of the major 

problems for the diagnosis of hepatitis for a physician [1]. Generally, a physician 

takes decision by evaluating the current test results of a patient and/or the physician 

compares the present patient with the previous similar patients using heuristics; 

leaving a scope of error in diagnosis. To mitigate the problem, an automated 

intelligent decision support system can be helpful; and there are number of such 

proposed intelligent systems in different domains including medicine. These 

intelligent models can be implemented to assist physicians in taking decisions. We, 

therefore, propose an intelligent system for hepatitis diagnosis using different 

methods based on correlation based feature selection ( CFS), rough set theory (RS) 

for feature reduction, and incremental back propagation learning network (IBPLN), 

and Levenberg-Marquardt (LM) algorithms for classification. Multiple imputation 

technique is used to manage missing values in the data set. Different approaches are 

tried and the results are compared to the previous studies on hepatitis disease 

diagnosis [1 - 4]. 

§This chapter is based on the publication made by the author entitled “A Study on UCI 

Hepatitis Disease Dataset using Soft Computing”, AMSE Journals – AMSE IIETA Publication 

2017 Series, Modeling C, Vol. 78, Issue 4, pp. 467 – 477. 
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The chapter is organized as follows. In section 2, used hepatitis database is 

explained. Section 3 explains the technique of multiple imputations based on EMB 

approach. Section 4 presents preliminaries of feature selection methods using 

correlation-based feature subset selection (CFS) and rough set (RS) algorithms. In 

section 5, block diagram of the proposed model is presented. Data preprocessing 

steps are explained in section 6. In section 7, we present the preliminaries of artificial 

neural networks (ANN). Next, section 8 presents ANN architecture. Section 9 

explains about training or learning algorithms used in the study. Modeling results are 

shown in section 10. Section 11 describes about the benchmarking parameters used 

in the study as performance measure. Experimental results for 100 simulations are 

presented in section 12.the results. Finally, our conclusions are summarized. 

 

8.2. UCI Hepatitis Data Set 

In this study, we use hepatitis data set from UCI Machine Learning Repository [5]. 

The data set contains 19 attributes plus one attribute for class (binary). It contains 

155 samples to two different classes ( ‘die’- 32 cases; ‘live’- 123 cases). The details of 

the dataset are represented in Table 8.1. 
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            Table 8.1. The Attributes of Hepatitis Disease Database of UCI 
Attribute 
number 

Attribute name Attribute values 

1. Class DIE, LIVE 

2. AGE 10,20,30,40,50,60,70,80 

3. SEX Male, female 

4. STEROID no, yes 

5. ANTIVIRALS no, yes 

6. FATIGUE no, yes 

7. MALAISE no, yes 

8. ANOREXIA no, yes 

9. LIVER BIG no, yes 

10. LIVER FIRM no, yes 

11. SPLEEN PALPABLE no, yes 

12. SPIDERS no, yes 

13. ASCITES no, yes 

14. VARICES no, yes 

15. BILIRUBIN 0.39, 0.80, 1.20, 2.00, 3.00, 4.00 

16. ALK PHOSPHATE 33, 88, 120, 160, 200, 250 

17.  SGOT 13, 100, 200, 300, 400, 500 

18. ALBUMIN 2.1, 3.0, 3.8, 4.5, 5.0, 6.0 

19. PROTIME 10, 20, 30, 40, 50, 60, 70, 80, 90 

20. HISTOLOGY no, yes 

 

The data set contains a number of missing values. For example, there are 29 missing 

values in the attribute number 16; 67 missing values in the attribute number 19. 

Different techniques are available in literatures to manage missing values in the data 

set. List-wise deletion, Pair-wise deletion, arithmetic mean imputation, regression 

imputation, and multiple imputations with EMB approach are some of the techniques 

to do so. For the missing value management, we use multiple imputations based on 

EMB approach as described in the following section. 
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8.3. Multiple Imputations 

Valid and reliable intelligent models are based on data which are well prepared. 

Missing data should be handled carefully as it may contain valuable information. In 

this context missing data problem, one of the vital issues, needs to be addressed 

properly. Otherwise, it may adversely affect the derived results. Different methods 

which are being used by people are: 

 Removal of the records having missing data; 

 Replacement of missing value by corresponding attribute mean; 

 Replacement of the missing value by attribute median; 

 A  global constant may be used to fill in for missing values which seem not 

relevant to the decision attribute; 

 Use a data mining method. 

This study uses a bootstrap-based EMB algorithm [6] to perform multiple imputations 

for missing values. In this method, values are imputed for each missing value of the 

data set and m numbers of data sets without missing values are created. The 

observed values in these completed data sets are same, but the imputed or 

unobserved values are different for each data set. After analysing the imputed 

completed data sets, the results should be integrated. Different integration 

techniques are there to be followed [6], [7]. However, we propose here different 

approaches for analyzing imputed data sets; the details of which are discussed in 

section 5. These approaches may be helpful for utilizing the power of multiple 

imputations, reduced dimensionality and clustering. 

In multiple imputations imputed values are drawn randomly from the missing data 

distribution. Since missing data distribution are unobserved by definition, it is 

impossible to find the true distribution of it. Estimation of posterior distribution of 

missing values based on observed values is taken as a solution to this problem. A 

random draw has been made from this posterior to fill in values. Fig. 1 represents the 

schematic view of multiple imputations approach that uses EMB algorithm. As 

compared to list-wise deletion, ad-hoc mean imputation, this approach produces 

better results. The efficiency has been increased and the bias has been reduced more. 

In this technique it is assumed that the data are missing at random (MAR). It 

considers MAR, likelihood, law of iterated expectations, and a flat prior to compute 

posterior. Draws are taken from the posterior. The purpose of EM [8] algorithm is to 

find the mode of the posterior. This EMB algorithm is a combination of EM algorithm 
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with bootstrap approach. Draws are taken from posterior by using EMB algorithm. To 

simulate estimation uncertainty the data is bootstrapped in each draw. After that EM 

algorithm finds the mode of the posterior for the bootstrapped data, which also gives 

fundamental uncertainty [9]. After having draws of the posterior of the complete-

data parameters, imputations are done using observed part D(observed) and 

unobserved part  D( missing) as well as mean vector  and covariance matrix  with 

liner regression and multiple completed data sets are generated. After m sets of 

imputed data are generated, analysis are performed which produce m separate 

results. These separate results are then combined [6], [7] to have final results. 

 

 

 

Figure 8.1. Schematic View of Multiple Imputations [6] 

 

8.4. Feature Selection Techniques 

In recent years, dimension of data is increasing more and more. One of the main 

challenges to the machine learner is that – what to do with this huge amount of 

data. The approach, which is obvious, is to reduce the dimension of the data set. 

Selection of important features is one of the important steps for dimensionality 

reduction of the data set.  Redundant and irrelevant features must be removed to 

prevent any adverse effect for classifiers. Reduced data set will increase the 

efficiency of a classifier. The reduced data set represents all of the useful information 
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of the original data set. The performance of the best classifier may be poor if 

features are not selected properly [3], [10]. Some features are carrying more 

important information than others in a data set. Feature selection is useful for 

following reasons: 

 It reduces the dimension of the data set, which causes reduction of problem 

size, thus reducing computation time and space requirement for classifiers. 

 Removal of noisy, redundant and irrelevant features causes an improvement 

of performance of classifier. 

 Identification of relevant features for a specific problem. 

Principal component analysis [3], association rules [11], correlation-based feature 

subset selection [12], rough set theory [13] are some techniques which are used for 

this purpose. This work uses correlation-based feature subset selection (CFS) and 

rough set (RS) theory.  

 

8.4.A. Correlation-based Feature Subset Selection (CFS) 

CFS uses following equation (Eq. 1.)  [14] to evaluate features. 

 

 

 

 𝒓𝒇𝒄   =                      (1)    

 

 
        

 

where rfc, k, ,  𝑟𝑓𝑐     and  𝑟𝑓𝑓      are heuristic merit of a feature subset, number of features 

in the subset, the average feature-class correlation, the average feature-feature 

inter-correlation respectively. The heuristic is based on the hypothesis – good 

feature subsets are those containing features highly correlated with class, yet 

uncorrelated with each other. Test theory (Ghiselli, 1964) also uses the same 

principle to evaluate composite test for the prediction of an external variable of 

interest.  

 

 

  

 } 
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8.4.B. Rough Set Theory 

In medical domain uncertainties are prevalent due to several reasons. RS theory is 

very much useful in managing uncertainties. It is implemented for the purpose of 

discovering patterns in the data set, analyzing attribute dependency, reducing 

dimension of data set by selecting features of important and also for classification. 

This is the reason for which RS can be employed to identify relevant symptoms out 

of many that a patient is suffering from, for proper diagnosis of diseases.  

RS theory was proposed by Pawlak [15] in 1980, which deals with analysis and 

classification of incomplete and imprecise knowledge and regarded as one of the 

first approaches to analyze data. The basic idea is that a conventional set i.e. crisp 

set is formally approximated by means of lower and upper spaces, which represent 

objects which are definitely a part of subset of interest and objects which are 

possibly a part of subset of interest. Lower and upper approximations of every 

subset are known as rough set. An information system, I = (U,A), can be viewed as a 

two dimensional table, where U and A are universe of discourse and non-empty 

finite set of attributes respectively. Data represented by this information system are 

used by rough set. The basic concept of RS theory is indiscernibility relation, which is 

an equivalence relation between two or more objects in which attribute values are 

identical. For any P ∈ A, the equivalence relation IND(P) is called P – indiscernibility 

relation. Let the target set be X ∈ U and we wish to represent X using attribute 

subset P. Approximation of the target set X using only the information contained 

within P can be done by constructing P-lower (PX) and P-upper (PX) approximation of 

X. The tuple (PX, PX) is called rough set. The accuracy of the rough-set representation 

of the set X can be given [16] by the following (Eq. 2.): 

 

        𝜅P = | PX | / | PX |                           (2) 

 

Details of rough set theory are discussed in previous chapters. A reduct is a set of 

features which are jointly or individually useful to preserve the property of a given 

information table. Reduct generation is an important step to reduce the data set as 

well as to preserve certain properties to be used in future application. Intersection of 

all reducts represent core. Features in core can’t be removed as it may affect the 

classification power.  

 



 
164 Hepatitis Disease Diagnosis  

8.5. Applications 

Basically, this study consists of three stages: Generation of five sets of data using 

multiple imputations; and then the feature extraction and reduction phase by 

correlation-based feature selection (CFS) and rough set (RS);  and then classification 

phase by incremental back propagation learning networks (IBPLN), and Levenberg-

Marquardt (LM) algorithm.  

Two different approaches have been attempted. In one approach, namely Approach 

– I, after generating five imputed files, meaningful features are selected using CFS 

and RS as described in following section. After selecting features, each imputed file 

has been taken into consideration for classification using IBPLN and LM classifier. 

Results obtained from each imputed files are combined to obtain the final result. In 

another approach, namely Approach – II, after selecting features using RS five 

imputed files are integrated into a single file. During integration, the unobserved 

values remain same in the integrated file. For unobserved or imputed values, we 

take the mean values of the corresponding attributes in the imputed data sets for 

numeric attributes and for categorical attributes we consider the most likelihood 

values, based on five imputed data sets, in the final data set. This final data set is 

used for analysis using IBPLN and LM algorithms to obtain the final result. The 

schematic view of our system is shown in Fig. 8.2.  

 

 

 

 

 

 

 

 

 

   Figure 8.2. Block Diagram of a System for Hepatitis Disease Diagnosis. 

 

UCI Hepatitis Disease Data Set 
Generating  Five Sets of Data 

Using Multiple Imputations 

Feature Extraction or Reduction 

using CFS and RS 
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Results are Combined to Obtain 

the Final Result 
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8.6. Data Preprocessing 

One of the important steps for model development is data preprocessing. We 

completely randomize our data set. UCI hepatitis disease data set contains a number 

of missing values. This work implements multiple imputations using EMB algorithm 

to generate five completed data sets from the original data set containing missing 

values. Amelia [9] was used to generate five sets of filled data. During imputation to 

avoid outliers we apply certain range specifications for attribute values after 

consulting a physician [17]. Next, we apply CFS using WEKA [18], which generates 

five sets of reduced features for five completed data sets. Numbers of features in the 

five sets of reduced features for five imputed files are 8, 13, 9, 9, 9 respectively. Eight 

(8) common reduced features obtained from these sets are listed in Table 8.2(A) 

which are considered as reduced feature subset. Rough set using ROSETTA [19] was 

also implemented to extract reducts from all the five imputed data sets. Johnson’s 

algorithm was used to extract reducts from the imputed data sets. We extracted all 

reducts from the five imputed files under the option ‘Full’ and ‘Full’ with ‘Modulo 

decision’ and got ten sets of reduct. After this extraction process we chose all the 

attributes appeared in these reducts as the reduced features. The seven reduced 

features obtained in this way are shown in Table 8.2(B).  The data sets are 

partitioned into three: Training set (68%), Validation set (16%), and Test set (16%) .  

        Table 8.2(A). Reduced Hepatitis Attributes using CFS 

  # Name of the attributes 

1. SEX 

2. MALAISE 

3. SPIDERS 

4. ASCITES 

5. VARICES 

6. ALBUMIN 

7. BILIRUBIN 

8. HISTOLOGY 

 

 



 
166 Hepatitis Disease Diagnosis  

 

          Table 8.2(B). Reduced Hepatitis Attributes using RS 
 

 

 

 

 

 

 

 

 

8.7. Artificial Neural Network 

Human brain contains billion of cells, known as neurons, each of which is able to 

process information in the form of electric signals. Dendrites of neuron collect 

external input signals and pass it to the neuron cell body. This input signal is 

processed in neuron cell body to produce output signal, which is passed through 

axons to the next neuron. The next neuron in turn either processes it or rejects 

depending upon the strength of this signal. Artificial neural network (ANN) uses this 

behavior of human brain to solve complex patterns and prediction problems. Some 

advantages of ANN are: 

 the network can be implemented to solve non-linear and complex problems, 

which is very much useful as in real life the relationship between most of the 

inputs and outputs are non-linear and complex. 

 a trained ANN can predict output for unseen or unknown input data i.e. 

generalization can be achieved in ANN. 

 ANN does not require any restrictions to input data e.g. it does not impose 

any restrictions to the distribution of data. 

For these reasons, ANN can be implemented as an effective tool to diagnose 

diseases accurately. Details of ANN and the model of neurons are discussed in 

previous chapters. 

# Name of the attributes 

1. AGE 

2. STEROID 

3. BILLIRUBIN 

4. ALK PHOSPHATE 

5. SGOT 

6. ALBUMIN 

7. PROTIEN 
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8.8. Artificial Neural Network Architecture 

Accuracy and generalizability should be considered as prime factors while selecting a 

model. Data preprocessing and deciding network architectures are two important 

steps in designing an intelligent model. Several network parameters except weights 

and topology of the network are to be fixed in design phase of the network. The 

validation data set would be useful to take all these decisions successfully [20], 

which tune the network topology or network parameters other than weights. 

Logistic function of the form    F(x) = 1/ (1+e-x) is used  in the hidden and output 

nodes in the proposed network. We use one input layer, one hidden layer, and one 

output layer as it is known that a network with one hidden layer and logistic function 

as the activation function at the hidden and output nodes is capable of 

approximating any function arbitrarily closely, provided that the number of hidden 

nodes are large enough [21]. To decide the number of neurons in hidden layer the 

formula proposed by Goa [22] and later modified by Huang et al. [23] are used. The 

formula which is derived by Huang et al. is as follows (Eq. 3.): 

 

s=  (0.43mn + 0.12n2 + 2.54m + 0.77n + 0.35) + 0.51      (3)  

  

where s is the number of neurons in hidden layer, m is the number of input, n is the 

number of output.  

In the present study, m = 8 if features are selected by using CFS and m = 7 if features 

are selected by using RS, n =2; and hence s= 6 after round off in both cases. So, in 

our study, we use six neurons at the hidden layer for all combinations. The 

corresponding network architecture (8-6-1) if the features are chosen by using CFS is 

shown in Figure 8.3.  Figure 8.4 represents the network architecture (7-6-1) if the 

features are chosen by using RS.  
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Figure 8.3. Network Architecture if Features are Selected using CFS 

 

 

Figure 8.4. Network Architecture if Features are Selected using RS 
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8.9. Training or Learning the Network  

Training data set is a part of our data which is used to adjust link weights and 

threshold values in order to improve the performance of the model. Many such 

algorithms are suggested in literatures. This work used incremental back propagation 

learning network and Levenberg - Marquardt algorithm. 

The bounded weight adaptation and structural adaptation learning rules are 

employed in incremental back propagation learning network algorithm. The learning 

process is constrained by initial knowledge. Back propagation rules of Rumelhart et 

al. [24] under certain constraints were used to train the network. The learning rules 

and the steps included in incremental back propagation learning network algorithm 

are discussed in previous chapters. 

The Levenberg – Marquardt algorithm is one of the most efficient techniques that 

switches between steepest descent algorithm and Gauss – Newton algorithm and 

takes the advantages of both as it is a combination of these two algorithms. Steps 

included in Levenberg – Marquardt algorithm are also discussed in earlier chapters. 

 

8.10. Modeling Results 

The classification algorithms using four combinations were implemented in Alyuda 

NeuroIntelligence [25]. All the mentioned tasks were executed on Intel Core Solo 

T1350 CPU (1.86GHz, 533MHz FSB, 2MB L2 cache) with 512MB DDR2 RAM.   

Table 8.3 shows the network structure, epochs, numbers of retains, and numbers of 

patterns used in training, validation and testing phases. As an overtraining control 

measure, we retain the copy of the network with the lowest validation error. 

Table 8.3. Network Parameters Applying to Wisconsin Hepatitis Disease Dataset 

Classifiers 
Network structure 

Epochs(retrain) 
Numbers patterns 

I HL O Training Validation Testing 

CFS + IBPLN 8 6 1 2000(10) 109 23 23 

CFS + LM 8 6 1 2000(10) 109 23 23 

RS + IBPLN 7 6 1 2000(10) 109 23 23 

RS + LM 7 6 1 2000(10) 109 23 23 
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8.11. Performance Prediction Parameters 

Confusion matrix is used to evaluate the classification accuracy, sensitivity, specificity 

to predict the performance of the models. Area under ROC curve is also evaluated to 

predict the performance. These four benchmarking parameters are used as these are 

very important to predict the performance of an intelligent model without any 

knowledge of the distribution of data [26]. The formulations are as follows: 

 

 

Accuracy =   x 100%                          (4) 

 

 

Sensitivity =  x 100%                                     (5) 

 

Specificity =  x 100%                                     (6) 

 

 

where, TP, TN, FP, and FN denote true positives, true negatives, false positives, and 

false negatives respectively.  To measure the classification performance of diagnostic 

tests in biomedical research, the area under ROC curve plays an important role [27]. 

For two class problems AUC is regarded as one of the best methods of comparing 

classifiers.  

 

8.12. Experimental Results 

Table 8.4(A) , Table 8.4(B), Table 8.4(C) and Table 8.4(D) gives the results that we 

obtained from 100 simulations using four combinations CFS + IBPLN, CFS + LM, RS + 

IBPLN and RS + LM on five imputed files [28][29]. The results are then combined to 

obtain the final result. This technique is denoted as Approach - I. 
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Table 8.4(A). Results from 100 Simulations 

Methods 

Imputation 

Number 
Test set ( CCR%) Specificity  

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 
Avg 

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 
Avg 

CFS + 
IBPLN 

IMP-1 100(1) 69.56(1) 88.17  
 

88.91 

100(35) 16.67(1) 80.18  
 

75.74 
IMP-2 100(4) 65.22(1) 88.8 100(35) 25(3) 79.97 

IMP-3 100(2) 73.91(3) 88.21 100(31) 25(2) 80.15 

IMP-4 100(6) 73.91(2) 90.13 100(46) 33.33(6) 81.74 

IMP-5 100(2) 78.26(8) 89.26 100(46) 33.33(3) 74.66 

CFS + 
LM 

IMP-1 100(3) 73.91(2) 89.65  

 
90.53 

100(36) 25(1) 87.45  

 
79.6 

IMP-2 100(7) 78.26(3) 90.61 100(39) 33.33(1) 85.05 

IMP-3 100(1) 73.91(1) 90.17 100(37) 25(1) 89.15 

IMP-4 100(13) 78.26(2) 91.91 100(53) 50(8) 82.86 

IMP-5 100(3) 78.26(3) 90.30 100(46) 33.33(2) 84.42 

 

 

 

Table 8.4(B). Results from 100 Simulations 

Methods 

Imputation 

Number 
Sensitivity AUC 

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 

avg 
Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 
Avg 

 CFS + 
IBPLN 

IMP-1 
100(17) 75(1) 91.39 

 

 
91.78 

100(12) 58(1) 89 
 

IMP-2 100(21) 66.67(1) 91.89 100(14) 50(1) 86.85  
 

88.96 IMP-3 100(13) 75(2) 91.66 100(7) 51(1) 88.36 

IMP-4 100(25) 72.73(1) 92.65 100(15) 63(1) 91.24 

IMP-5 100(17) 76.19(3) 91.33 100(4) 66(1) 89.33 

CFS + 
LM 

IMP-1 
100(19) 77.27(1) 92.31 

 
 

93.02 

100(9) 55(1) 87.4 
 
 

88.68 IMP-2 
100(23) 72.22(1) 93.29 100(14) 57(1) 88.55 

IMP-3 
100(22) 78.95(1) 93.17 100(8) 56(1) 88.83 

IMP-4 
100(30) 78.95(1) 93.9 100(22) 53(1) 91.26 

IMP-5 
100(15) 77.78(1) 92.44 100(6) 60(1) 87.34 
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                                         Table 8.4(C). Results from100 Simulations 

Methods 

Imputation 

Number 
Test set ( CCR%) Specificity  

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 
Avg 

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 
Avg 

RS + 

IBPLN 

IMP-1 100(4) 78.26(2) 88.51  
 

91.13 

100(45) 33.33(6) 82.38  
 

81.45 IMP-2 100(8) 78.26(2) 91.82 100(47) 25(1) 80.73 

IMP-3 100(13) 73.91(1) 91.25 100(50) 25(1) 82.2 

IMP-4 100(9) 78.26(2) 92.36 100(47) 20(1) 82.39 

IMP-5 100(5) 78.26(6) 91.71 100(41) 25(4) 79.54 

RS + 
LM 

IMP-1 100(11) 82.61(2) 92.61  
 

93.45 

100(59) 50(6) 90.22  
 

87.52 IMP-2 100(15) 86.96(13) 93.72 100(51) 33.33(1) 84.86 

IMP-3 100(14) 86.96(8) 93.8 100(68) 33.33(1) 91.51 

IMP-4 100(8) 86.96(14) 93.23 100(44) 33.33(3) 82.78 

IMP-5 
100(13) 86.96(10) 93.88 100(56) 33.33(2) 88.22 

 

 

 

 

 

 

 

 

 

 

 

                                          Table 8.4(D). Results from100 Simulations 

Methods 

Imputation 

Number 
Sensitivity AUC  

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 
Avg 

Highest 
( freq) 

Lowest 
( freq) 

Avg 
Grand 
Avg 

RS + 
IBPLN 

IMP-1 100(12) 80(1) 90.08  
 

93.07 

100(12) 51(1) 89.02  
 

91.03 IMP-2 
100(22) 83.33(3) 93.72 100(14) 53(1) 91.9 

IMP-3 100(29) 80.95(1) 92.99 100(21) 54(2) 91.96 

IMP-4 100(23) 77.27(1) 94.53 100(14) 56(1) 90.59 

IMP-5 100(20) 78.95(1) 94.03 100(10) 70(1) 91.67 

RS + 
LM 

IMP-1 100(20) 84.21(1) 93.41  
 

94.85 

100(18) 74(4) 90.18  

 

92.43 
IMP-2 100(37) 83.33(3) 95.65 100(23) 70(1) 92.32 

IMP-3 100(36) 85(2) 94.68 100(30) 52(1) 91.18 

IMP-4 
100(32) 85(2) 95.43 100(27) 71(2) 93.77 

IMP-5 
100(26) 83.33(1) 94.85 100(19) 79(1) 94.7 
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From the results of 100 simulations using four combinations it is evident that the 

combination RS + LM shows better performance in terms of correct classification 

accuracy (CCR), specificity, sensitivity, and area under ROC curve. All the methods 

provide 100% accuracy as the highest performance. The lowest classification 

accuracy for the combination RS + LM is 82.61% 

In another approach denoted as Approach-II we integrate five imputed files into a 

single file. Analysis was performed on this file using two combinations RS + IBPLN 

and RS + LM. Compiled results of 100 simulations for this approach are shown in 

Table 8.4(E) and in Table 8.4(F). 

 

                              Table 8.4(E). Results from100 Simulations 
Methods 

Test set ( CCR%) Specificity 

Highest  

(freq) 

Lowest 

(freq) 

Avg Highest    

(freq) 

Lowest 

(freq) 

Avg 

RS + 

IBPLN 
100(9) 73.91(1) 92.17 100(43) 28.57(1) 80.49 

RS + 

LM 
100(17) 86.96(1) 94.61 100(49) 33.33(1) 85.17 

 

                              Table 8.4(F). Results from100 Simulations 
Methods 

Sensitivity Area Under ROC Curve (AUC) 

Highest  

(freq) 

Lowest 

(freq) 

Avg Highest    

(freq) 

Lowest 

(freq) 

Average 

RS + 

IBPLN 
100(34) 72.2(1) 94.78 100(20) 80(2) 94.7 

RS + LM 100(41) 89.47(1) 96.60 100(34) 81(1) 95.66 
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Observations which are noted as follows : 

 Out of  different approaches as mentioned above, RS +LM implemented on 

integrated file, as described in approach-II, performs better in terms of 

CCR, sensitivity, specificity and AUC.  

 100% classification accuracy was achieved as the best performance for all 

the methods described here. The lowest CCR is 86.96% for the 

combination RS + LM in approach-II. 

 Table 8.5 shows the comparative study of our results with other studies 

[4]. It is evident that the method RS + LM on integrated file outperforms all 

other methods, used in similar studies.  

 

 

Table 8.5. 
Comparison of Accuracies of Different Methods Applied in Hepatitis Disease Diagnosis 

Hepatitis 

disease 

KNN Naïve Bays SVM FDT PSO CBR-PSO RS- LM 

Approach-II 

Best 89.86% 86.35% 90.31% 78.15% 89.46% 94.58% 100% 

Lowest 70.29% 66.94% 65.22% 61.49% 75.35% 77.16% 86.96% 

Average 83.45% 82.05% 86.92% 75.39% 82.66% 92.83% 94.61% 

 

 

 

8.12. Conclusion 

This work implements CFS and RS based feature selection techniques to extract 

features from UCI hepatitis disease data set. In Approach-II, imputed files obtained 

as a result of multiple imputations were combined into a single file and Levenberg 

Marquardt algorithm was used as classifier to obtain a better result in comparison to 

other results including Neshat et al. [4]. Lowest performance is also recorded in this 

work as in medical diagnosis it should also be a judging parameter for performance 

prediction. Much of the previous literatures do not clearly specify about the result, 
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whether it was a best simulation product or average of several simulations. So the 

highest, lowest and average performances of the methods are presented in this 

work.  

We suggest that a combination of seven reduced features (Age, Steroid, Billirubin, 

Alk Phosphate, SGOT, Albumin, Protien) obtained by implementing rough set based 

feature selection technique, might be important to doctors while taking final 

decision. The techniques used here could be applied to other diseases. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
176 Hepatitis Disease Diagnosis  

References 

1. Polat K. and Gunes S., “Hepatitis disease diagnosis using a new hybrid system 

based on feature selection (FS) and artificial immune recognition system with 

fuzzy resource allocation”, Digital Signal Processing, Vol. 16(6), pp. 889-901, 

2006. 

2. Rezaee K. et al., “An Intelligent Diagnostic System for Detection of Hepatitis using 

Multi-Layer Perceptron and Colonial Competitive Algorithm”, The J. of 

Mathematics and Computer Science, Vol. 4(2), pp. 237-245, 2012.  

3. Calisir D. and Dogantekin E., “A new intelligent hepatitis diagnosis system: PCA-

LSSVM”, Expert Systems with Applications, Vol. 38, pp. 10705-10708, 2011. 

4. Neshat M., Sargolzaei M., Nadjaran A. N., and Masoumi A., “Hepatitis Disease 

Diagnosis using Hybrid Case Based Reasoning and Particle Swarm Optimization”, 

ISRN Artificial Intelligence, doi: 10.5402/2012/609718, 2012. 

5. http://archieve.ics.uci.edu/ml/datasets/Hepatitis. 

6. Honaker J., King G., and Blackwell M., 2011, AMELIA II: A Program for Missing 

Data, http://gking.harvard.edu/amelia/  ( Accessed: 3rd Nov, 2011). 

7. King G., Tomaz M. and Wittenberg J., “Making the Most of Statistical Analyses: 

Improving and Presentation”, American  Journal of Political Science, Vol. 44(2), 

pp. 341-355, 2000. 

8. Dempster A. P., Laird N. M., Rubin D. B.,  "Maximum Likelihood from Incomplete 

Data via the EM Algorithm", Journal of the Royal Statistical Society. Series B, Vol. 

– 39(1), pp. 1–38, 1977. 

9. Honaker J., King G., “What to do About Missing Values in Time Series Cross-

Section Data”, American J. of Political Science, Vol. 54(2), pp. 561-581, 2010. 

10. Avci E., “A new optimum feature extraction and classification method for speaker 

recognition: GWPNN”, Expert Systems with Applications, Vol. 32(2), pp. 485-498, 

2007. 

11. Karabatak M., and Ince M. C., “An expert system for detection of breast cancer 

based on association rules and neural network”, Expert Syst Appl, Vol.  36(2), pp. 

3465-3469, 2009.  

12. Hall M. A., “Correlation-based Feature Subset Selection for Machine Learning”, 

Hamilton, New Zealand, 1998.  

http://archieve.ics.uci.edu/ml/datasets/Hepatitis
http://gking.harvard.edu/amelia/
http://en.wikipedia.org/wiki/Arthur_P._Dempster
http://en.wikipedia.org/wiki/Nan_Laird
http://en.wikipedia.org/wiki/Nan_Laird
http://en.wikipedia.org/wiki/Journal_of_the_Royal_Statistical_Society


 
177 Chapter 8 

13. Chen H. L. et al., “A support vector machine classifier with rough set based 

feature selection for breast cancer diagnosis”, Expert Syst Appl, Vol. 38(7), pp. 

9014-9022, 2011.  

14. Polat K., Sahan S., Kodaz H., and Gunes S., “A new classification method for 

breast cancer diagnosis: feature selection artificial immune recognition system 

(FS-AIRS )”, ICNC 2005, LNCS 3611, pp 830-838, 2005.  

15. Pawlak Z., “Rough sets”, Int. J. of Parallel Programming, Vol. – 11(5), pp. 341-356, 

1982. 

16. Pawlak Z., “Rough Sets: Theoretical Aspects of Reasoning About Data”, 

Dordrecht: Klwer Academic Publishing, 1991. 

17. Dr. Basu Amitava, MD, Pathologist, India (personal communication). 

18. Hall E., Frank G., Holmes B., Pfahringer P., Reutemann I., Witten H., “The Weka 

Data Mining Software: An Update”, SIGKDD Explorations, Vol. 11(1), 2009. 

19. Ohrn A. and Komorowski J., “ROSETTA: A rough set toolkit for analysis of data”, 

In P. P. Wang, Editor, Proc. 3rd Int. Joint Conf. on Information Sciences, vol - 3, pp. 

403-407, Durham, NC, Mar. 1997. http://www.lcb.uu.se/tools/rosetta/#credits 

20. Hung M. S., Shankar M., Hu M. Y., “Estimating Breast Cancer Risks Using Neural 

Networks”,  J. Operational Research Society, Vol. 52, pp. 1-10, 2001.  

21. Hornik K., Stinchcombe M., White H., “Multilayer feedforward networks are 

universal approximator”,  Neural Network,  Vol. 2,  pp. 359-366, 1991 

22. Goa D., “On structures of supervised linear basis function feedforward three-

layered neural networks”, Chin. J. Comput., Vol. 21(1), pp. 80-86, 1998. 

23. Huang M. L., Hung Y. H., and  Chen W. Y., “Neural network classifier with entropy 

based feature selection on breast cancer diagnosis”, J Med Syst, Vol. 34(5), pp. 

865-873, 2010. 

24. Rumelhart D. E., Hinton G. E., and Williams R. J., “Learning internal 

representation by error propagation in Parallel Distributed Processing”, 

Explorations in the Microstructures of  Cognition, MA, MIT Press, Vol. 1, 1986. 

25. Alyuda NeuroIntelligence 2.2, http://www.alyuda.com. 

 

http://www.alyuda.com/


 
178 Hepatitis Disease Diagnosis  

26. Misir R., Mitra M., Samanta R. K., “A Study on Benchmarking Parameters for 

Intelligent Syatems”, Int J of Computer Sc. And Engg., Vol. 3(1), pp. 10 – 17, 2015. 

27. Bradley A. P., “The use of the area under the ROC curve in the evaluation of 

machine learning algorithms”, Pattern Recognition, Vol. 30(7), pp. 1145-1159, 

1997. 

28. Mitra M., Samanta R. K., “A Survey on UCI Hepatitis Disease Dataset using Soft 

Computing”, Proc. of Int. Conf. on Computing and Systems, ICCS 2016, University 

of Burdwan, pp. 45 – 50, 2016. 

29. Mitra M., Samanta R. K., “Hepatitis Disease Diagnosis using Multiple Imputation 

and Neural Network with Rough Set Feature Reduction”, Proc. Int. Conf. on 

Frontiers in Intelligent Computing Theory and Application, FICTA – 2014, 

Bhubaneswar Engineering College, Springer, Vol. 327, pp. 285 – 293, November’ 

2014. 



 
 

CHAPTER 9 

 

               Accomplishments of the Objectives and Future Scope 
 
 

9.1. Introduction 

Numbers of experiments, statistical analyses, and simulations on available data sets 

have been attempted, using different tools to achieve our research goal. Efforts have 

been made to address the purpose and focus of our study along with basic problems 

as set by our research goal in each chapter of the thesis. Research aims provide 

direction towards exploring, investigating, and analyzing various problems of 

interests and also the way to achieve it. This is one of the most important features of 

designing and implementing research work. Different steps to solve specific 

problems are clearly defined in chapters of the thesis. 

 

9.2. Accomplishments of the Objectives 

During past few years of research work our intention was to come into the 

conclusion to achieve the target as mentioned in section 1.3 of chapter 1. Attempts 

have been made to explain the present states of the domain to realize the need of 

the proposed system. To fulfill the needs and to accomplish our objectives, we have 

developed intelligent automated models to diagnose diseases like breast cancer, 

cardiac arrhythmia, and hepatitis disease. We also tried to develop an intelligent 

system to diagnose kidney disease []. Various sets of features for the said diseases 

were proposed during analysis to diagnose the said diseases. The proposed systems 

may be helpful to doctors as it may assist them in making decisions. Even the system 

may be used for teaching as well as training purpose. 

Statistics in relation with the present scenario of diseases such as breast cancer, 

cardiac arrhythmia, and hepatitis disease have been presented in global as well as 

local perspective. Efforts have been made to study all useful information in relation 

with these problems. We have also investigated mortality rate, reasons, and 

diagnosis procedures for the said diseases. We have discussed different issues as 

related to present healthcare services, which demands the need of an alternative 

healthcare management. These discussions ultimately inspired us to fix up our 
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objective for developing intelligent systems by using available information [Chapter 2 

for information]. 

After determining the objectives we studied various soft computing techniques, 

which are used in the domain of disease diagnosis. In this context fuzzy expert 

system (FES), genetic algorithm (GA), and artificial neural network (ANN) are 

discussed in chapter 3. Previous approaches to implement these techniques in the 

said domain are specified in tabular form. Different forms of ANN architecture and 

various activation functions are also discussed. Training or learning algorithms such 

as incremental backpropagation learning network and Levenberg – Marquardt 

algorithm are also presented. From our study it was revealed that hybridization 

approaches such as combination of ANN with GA, ANN with FL (fuzzy logic), and FL 

with GA shows better performance in many studies as limitations of one may be 

removed by others. 

Data mining does not mean the steps in the data analysis only. Data preprocessing is 

also regarded as one of the data mining steps, which is needed to make sense of 

data. Recently, the most challenging task is to extract right knowledge from huge 

raw data. Real world data or raw data are noisy, inconsistent, and incomplete. As the 

primary step to accomplish our objectives, different steps in the process of data 

preprocessing are explained in chapter 4. Good quality data preparation is one of the 

important issues for the development of valid and reliable intelligent models. Data 

cleaning, data integration, data transformation, and data reduction are the main 

objectives of data preprocessing. Data cleaning can be accomplished by removing 

noise, redundancy, and inconsistencies in the data set. Missing values in the data set 

should also be taken care of in the data cleaning phase. Data are noisy due to the 

presence of outliers, which can be taken care of by using different methods, such as: 

binning, clustering, and regression. Sometimes data are collected from different 

sources, which may include multiple databases or flat files. These files should be 

integrated before analysis. In many cases data are transformed to make it 

convenient for data analysis. Different methods to extract features from the data set 

for dimensionality reduction are also presented. Missing value handling techniques 

have been analyzed and implementation of the suitable technique has been made as 

illustrated in subsequent chapters. In chapter 4 initiatives have been taken to 

consider data mining approaches to obtain patterns in the data set, which have been 

integrated with the decision support system to extract useful information. All of 

these data preprocessing steps have been taken care of during the development 

phase of automated decision support system to make it valid and reliable and also to 

avoid ambiguous results. 
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Different performance prediction parameters, such as – precision, correct 

classification accuracy, sensitivity, specificity, area under ROC curve, Kappa statistic, 

lift, cumulative gain, and probability threshold, are suggested in literatures to judge 

the performance of a decision support system before using it. Performance 

prediction parameters are metrics that evaluates model’s capacity to minimize 

errors between predicted and observed values based on test data set. All of these 

methods along with their usage and limitations are studied in chapter 5. From our 

study it has been revealed that the selection of performance prediction parameters 

depend on data type as well as on type of model. Generally, the whole confusion 

matrix that is precision, accuracy, sensitivity and specificity of an intelligent model 

should be judged to evaluate the performance of the model without the knowledge 

of distribution of data. The area under ROC curve is also an important predictive 

measure to depict the performance of a model. 

For the last few decades different attempts have been made in designing automated 

systems to solve classification problems in the domains as give below: 

 classification of plant diseases 

 diagnosis of crop management problems 

 financial applications such as evaluation of credit and authorization 

 in the field of computer science such as diagnosis of problems in hardware 

and software 

 to detect problems in electrical, mechanical, and electronic machinery 

 medical diagnosis 

In the subsequent chapters we focused on one application domain of intelligent 

system namely, medical diagnosis. Attempts have been made to develop models 

that accept a set of observations or symptoms as input and respond as a human 

expert. Aims of our work are exploration and evaluation of various innovative 

approaches in developing such systems that can be implemented successfully. 

Now-a-days breast cancer has become a global burden. Moreover, most of the 

general hospitals do not have infrastructures which are required to diagnose the 

disease. Delayed diagnosis may increase the risk spreading the cancer cells. A 

number of steps have been explained thoroughly in chapter 6 to develop automated 

intelligent system to diagnose breast cancer, which helps in reducing time required 

to diagnose the disease as well as the mortality rate due to this cause. A survey on 

various approaches to diagnose breast cancer using different machine learning 
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algorithms or methods is also summarized in this chapter. Data preprocessing steps 

on UCI breast cancer data set were described precisely in order to produce good 

quality data. For dimensionality reduction of the data set some feature selection 

techniques such as correlation-based feature selection (CFS), rough set (RS), and 

principal component analysis (PCA) were implemented. Corresponding artificial 

neural network architecture was chosen based on some evaluations. Finally, 

incremental back propagation learning network (IBPLN) and Levenberg – Marquardt 

(LM) algorithms have been used for classification. Different combinations such as 

CFS + LM, RS + LM, PCA + IBPLN, PCA + LM were attempted. Experimental results 

from 120 simulations for the combinations CFS + LM and RS + LM and 100 

simulations for the combinations PCA + IBPLN, and PCA + LM were tabulated. At the 

end results were compared with the previous similar studies in terms of various 

performance prediction parameters such as correct classification accuracy (CCR), 

sensitivity, specificity, and area under ROC curve (AUC). From this work it was 

revealed that the combination PCA + LM shows better performance in terms of 

accuracy, sensitivity, specificity, and AUC. The highest performance was 100%. The 

lowest and average performances were 96.08% and 98.55% respectively for the 

combination PCA + LM. The results were comparable with previous similar studies. 

This work proposed to consider PCA derived extracted features before taking final 

decision by doctors. Most of the previous works did not mention about the results 

they obtained, whether it is derived from the best simulation or it is derived by 

averaging results of several simulations. For this reason the highest, lowest and 

average behaviors of decision support system were also proposed to be judged 

before using it. 

 Neuro-genetic fusion was attempted for extracting important sign, symptoms, and 

features from the UCI cardiac arrhythmia data set as well as to improve the level of 

accuracy of the intelligent system. Classification performance may be affected for 

huge data set. Dimensionality reduction is needed by selecting appropriate 

attributes to enhance the predictive performance of classifiers. The main advantage 

of genetic algorithm (GA) is that it is useful for optimization when the data set is 

huge. Our study presented four combinations namely, GA + IBPLN, GA + LM, CFS + 

IBPLN, and CFS + LM i.e. features are selected using genetic algorithm and 

correlation-based feature subset selection (CFS) method and incremental 

backpropagation learning network (IBPLN), and Levenberg – Marquardt (LM) 

algorithms were used as classifier. Different data preprocessing steps and fixing up 

artificial neural network architecture were made to improve the performance of the 

classifiers. Experimental results, represented in tabular form, showed that the 

predictive performance is better for the combination CFS + LM. The highest, lowest, 
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and average classification accuracies for the combination CFS + LM is 95.12%, 

80.49%, and 87.71% respectively. The sensitivity for the combination CFS + LM have 

reached 100% in a significant number of cases. Results were compared to the results 

of some recent works and it is evident that the proposed system provides better 

result in terms of correct classification accuracy. The work proposed to consider 

reduced feature subset, obtained by using CFS, before making decision by doctors. 

Since lowest performance of a disease diagnosis system should be a judging factor 

for evaluating the predictive performance, we proposed to judge the highest, the 

lowest and the average behavior of the automated disease diagnosis system before 

implementation [discussed in chapter 7]. 

Different soft computing methods to develop intelligent decision support system for 

diagnosing hepatitis disease are precisely explained in chapter 8. UCI hepatitis 

disease data set contains only 155 instances with a number of missing values. So, 

missing values in the data set were taken care of to avoid distorted analysis as well 

as to avoid biased result. Multiple imputations using EMB approach was 

implemented on the data set, which produces five completed data sets. Multiple 

imputations method was chosen as it is efficient for multivariate data set. Important 

features are selected from the data set by using correlation-based feature subset 

selection (CFS), and rough set (RS) techniques, implemented each of the 5 imputed 

data sets. For each of the said methods (CFS and RS) the common features, extracted 

from all imputed data sets, are considered as reduced feature subset for the 

corresponding method. Two different approaches have been attempted.  

Firstly, all of the imputed files are analyzed using classifiers namely, incremental 

backpropagation learning network (IBPLN), and Levenberg – Marquardt (LM) 

algorithms. Different combinations, attempted in this approach, were represented 

as: 

 CFS + IBPLN i.e. CFS is used for feature selection and IBPLN algorithm as 

classifier 

 CFS + LM i.e. CFS is used for feature selection and LM algorithm as classifier. 

 RS + IBPLN i.e. RS is used for feature selection and IBPLN algorithm as 

classifier 

 RS + LM i.e. RS is used to select feature and LM algorithm as classifier. 

For each of the said combinations the results were combined to obtain the final 

result. Experimental results have been presented in tabular form. From the result it 
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is evident that the combination RS + LM showed better performance in terms of 

accuracy, sensitivity, specificity and area under ROC curve. 

Secondly, an integrated file has been generated from the 5 imputed data sets by 

using some assumptions as described in section 8.5. of chapter 8. IBPLN and LM 

algorithms were used for classification. In this approach we chose only the reduced 

features subset as obtained by implementing RS method. Two combinations, which 

have been attempted, were represented as: 

 RS + IBPLN i.e. RS is used to select features and IBPLN algorithm is used for 

classification. 

 RS + LM i.e. RS is used for feature selection and LM algorithm as classifier. 

Experimental results for 100 simulations have been presented in tabular form, which 

revealed that the combination RS + LM for the later approach, where classification 

has been done on integrated file, performed better in terms of accuracy, sensitivity, 

specificity and area under ROC curve. A survey on similar studies is also summarized 

in this chapter. The highest, the lowest, and the average classification accuracy are: 

100%, 86.96%, and 94.61% respectively, which outperforms all other methods. A set 

of features have been proposed to consider which would be important to doctors in 

decision making. It was also suggested to consider the lowest performance of 

intelligent model for disease diagnosis. Most of the previous literatures did not 

clearly specify about the results they obtained, whether it was the best simulation 

product or average of several simulations. For this reason, the highest, lowest and 

average behaviors of the proposed model have been presented in our work. At the 

same time it was also proposed to consider the highest, lowest, and average 

performance of a decision support system before using it. 

Data sets, used in our study for classification, are free from outliers. Data 

preprocessing steps, one of the most important steps for the development of 

intelligent models, are precisely mentioned in each chapter. Uncertainty is a major 

issue in disease diagnosis. For this reason rough set theory (RST) was used to manage 

uncertainties effectively. Different methods have been deployed to find out 

important features from the data set as well as to reduce the dimension of the data 

set. The reduced data set improves the efficiency of the classifiers as it reduces the 

search space as well. Artificial neural network architectures for different cases have 

been fixed up after considering different factors such as number of inputs, number 

of outputs, and previous studies. Improved data mining approaches such as IBPLN 

and LM algorithms have been used as they are able to perform for nominal, ordinal, 

and real-valued attributes, which matches with the characteristics of medical 



 
185 Chapter 9 

domain. These improved data mining approaches helped in achieving objectives of 

our work. 

Our proposed models did not claim the highest performance achievers, but at the 

same time it was suggested to consider various observations that have been 

proposed, which would be worthwhile in making final decisions. The suggested 

intelligent systems may assist doctors during diagnosis of diseases. In addition it 

provides diagnosis results faster, which would be helpful for medical professionals. 

As a result early diagnosis of diseases and better treatment management can be 

done, which is necessary for augmenting survivability. 

In order to fulfill our study we considered the best means of our objectives. An 

enormous effort has been provided to complete the objects successfully as well as to 

achieve the goals. We have consulted with physicians, studied various soft 

computing techniques used in medical diagnosis, analyzed different techniques used 

to handle missing values in the data set statistically, studied various performance 

prediction parameters, surveyed previous research works, analyzed other works, 

performed more than 2500 simulations (minimum 100 simulations for each 

combination for each data set) to obtain experimental results, made observations 

and comparative study. 

 

9.3. Future Scope and Further Works 

The objectives of our study is to model intelligent systems to diagnose diseases such 

as breast cancer, cardiac arrhythmia, and hepatitis disease using soft computing 

techniques as mentioned in earlier chapters. The target is to compare the outcomes 

with golden standard. Though we accomplish our objectives successfully, still we 

must say that the proposed systems will not completely replace the knowledge of 

domain experts rather it can be used as effective and reliable tools to assist health 

professionals in making decisions while diagnosing the diseases. 

The successful implementations of soft computing techniques in related studies 

demand that impact of it will be growing rapidly in coming years. It plays an 

important role in designing decision support system, which can be considered as an 

important tool as well as the most demanded tool in various fields. At present, the 

use of such system is not compulsory rather it is used as a tool voluntarily. 

Therefore, further scope of this work is to improve the performance of the proposed 

systems to make it more acceptable. As a result it may replace domain experts as 

well as may be useful as a compulsory tool in the field of medical diagnosis. 
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In future we will be concentrating to design Web-based decision support system 

which has the ability to produce instantaneous diagnosis report for the diseases such 

as breast cancer, cardiac arrhythmia, and hepatitis disease based on certain desired 

symptoms or laboratory findings. The system may support both national and 

regional languages to interact while using the system. 

Another future scope of our work in broader sense is to implement these intelligent 

systems into mobile applications. Acute scarcity of domain experts, modern 

equipments such as computers and associated peripherals, and proper maintenance 

of these equipments are major issues in the field of medical domain especially in 

underserved or rural areas. Most of people are now using mobile phones efficiently. 

Therefore people in general can easily access the facility of the system. As a result 

early diagnosis of diseases and better management for the treatment can be done 

immediately which are keys for survival of a patient. 

Uncertainty in medical domain is a big issue, which may cause incorrect and 

distorted analysis while diagnosing diseases. It is observed that different diseases 

may have some common symptoms. Again, a disease may have more than one 

symptom. Sometimes prominence of secondary symptom may hide the original 

making the diagnosis process more complicated. Moreover, a patient may be 

suffering from more than one disease making the process of diagnosis to be difficult 

and confusing. Soft computing techniques possess the ability to handle uncertainty, 

imprecision, partial truth, and approximations efficiently. It is a science of reasoning, 

evaluations, and thinking, which can be used to build conceptual intelligences in 

machines. The purpose of soft computing techniques is to model cognitive behavior 

of human brain. For this reason the techniques used in our study may be 

implemented to diagnose other diseases. 

From our work it is evident that Levenberg – Marquardt algorithm performs better 

as a classifier to diagnose diseases as mentioned. Future scope of our study is to 

identify the characteristics of the data set, based on which one can choose suitable 

classifier or classifiers to obtain better performance. 

Another scope is to incorporate the decision support system into robot. In coming 

days domain experts can be replaced by robots. Fusion of such decision support 

systems and robot may be useful as it may compensate the scarcity of domain 

experts in related fields.
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Appendix  A    Alyuda NeuroIntelligence 2.2 (Tool) 

 

 
Figure A1.  Screen of Alyuda NeuroIntelligence 2.2 

Figure A1. is the screen of Alyuda NeuroIntelligence 2.2, which has been used as a 

tool for implementing neural network for solving problems related to classification. It 

is a neural network software. Tasks that can be done using this tool are as given 

below: 

 Data Analysis: It is a step before data preprocessing. In this step, one can 

select target column, specify type of attributes, identify anomalies in data, 

partition data onto training, validation, and test set, exclude or reject 

selected attribute, and instances. 

 Data Preprocessing: The internal representation of data set can be inspected 

in this step. The statistical details about each attribute can be viewed. 
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 Network Design: This feature helps in designing neural network architecture. 

The node functions, classification model, and accept / reject levels can be 

defined in this phase.  

 Network training: This feature helps to train the network based on training 

data set using different training / learning algorithms as chosen by user. 

Training graph, error distribution, and real-time training details can also be 

monitored. One can observe the whole training process visually. 

 Testing the Network: Different benchmarking parameters to judge the 

performance of the network are represented in this phase. Confusion matrix, 

correct classification accuracy, and area under ROC curve are some of the 

parameters to be recorded to judge the predictive performance of the model. 

 Query: In this phase the outcomes of a trained model can be viewed by 

entering query either manually or by loading in specified format. Results are 

provided in tabular form including response curve. 
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Appendix  B              ROSETTA (Tool) 

 

 
Figure B1. Screen of ROSETTA 
 

Figure B1. represents screen of ROSETTA, a software system, which was used as a 

tool to implement rough set to extract reducts from data set. Some of the features 

of ROSETTA are as follows: 

 Discretisation of data set using different algorithms can be done. 

 Data set can be reduced by using genetic algorithm, Johnson’s algorithm, and 

Johnson’s algorithm (RSES). Some other algorithms are also available to 

reduce data set. 

 This software can also be used to classify data set using different algorithms, 

such as standard voting, object tracking voter, Naive Bayes etc. Outcomes are 

provided by constructing confusion matrix and by returning ROC curve. 
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 Statistical information about each attribute in the data set such as mean, 

median, standard deviation, and correlation can be obtained. Based on 

internal representation the correlations of string attributes are also 

computed. 

 The software provides the facility to write commands in a script file for 

execution. 

 The filter option in the software is used to remove elements from reduct sets 

based on different evaluation criteria. 

 This software can also be used to generate rules from a set of reducts. 
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Appendix  C                   WEKA (Tool) 

 

 
Figure C1. Screen of WEKA 
 

Figure C1. shows screen of WEKA, which has been used to transform input data, e.g. 

data preprocessing, data transformation, feature selection and so on. Classifiers are 

also available in WEKA. Some features of WEKA are as follows: 

 It supports data transformation, which is an important step in machine 

learning, e.g. It can be used to discretize numeric data, transform nominal 

attributes to binary. 

 It can be used to select important features from the given data set using 

different feature selection methods, such as correlation based feature subset 

selection, principal component analysis, and many more. 

 It can be used to learn clusters for the data set. 
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 Association rules for the data set can be learnt by using this software. 

 Classify tab in WEKA software allows to implement various classifiers such as 

Naive Bayes, support vector machine etc. for classification. 

 Different 2D plots of the input data set can be viewed using the tool. 

 The functionalities of the package can be accessed by both via the graphical 

user interface (GUI) and command line interface (CLI). 
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Appendix  D       Amelia View (Tool) 

 

 
Figure D1. Screen of Amelia View 
 

Figure D1. gives the screen of Amelia View, which has been used to handle missing 

values in the data set. It is a vital step to avoid distorted analysis and to avoid biased 

results. The package was used to implement multiple imputations using EMB 

approach to impute unobserved or missing values in the data set. It generates more 

than one imputed data set from a data set containing missing values. Missing map 

and two dimensional plot of data can also be viewed. The software also provides a 

report on the imputation task. 
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