SULEYMAN DEMIREL UNIVERSITY
DEPARTMENT OF POST-GRADUATE EDUCATION

UDK 004.855.5

MERALIYEV MERARYSLAN MERRUSLANOVICH
Detection of diseases using machine learning algorithms
Specialty: “6M070400 — Computing systems and software”

Academic Degree: Master of Computer Sciences

“Admitted to defense”:
Director of the department of
Post-graduate education

-/ . PhD. Mussabekov M.N.
ety of 204/,
Head of Department PhD. Alimanova M.O.

Scientific advisor % ~ PhD. Zhaparov M.K.

Kaskelen, 2017



TYUIH

KOMIIBIOTEPIIIK TEXHOJOTHsAIApAbl JKOHE CaKTay MYMKIHIIKTEP] COHFEI
JETICTIKTEp AEPeKTep MEH aKmapar, MbICAJHL, QNIEyMETTIK JKENiiep CHAKTEI
KOITereH KO3EpICH, OHNAlH AepekTep 6asachlH, KOHE NCHCAYIEIK caxTay
aKMapaTTBIK JKYHeNIepaiH KepeMeT COMacChiH enpipai. Kasipri Tanaa, QIIEMHIH
KolTereH eizepi ONMEKTPOHB! JIEHCAYIbIK CaKray apKpUIbl KOMITBIOTEPIIIK
TeXHOJOTHSIAp  MEH  KOMMYHHKaIlHA CaNacCHIHIAFEl  KETICTIKTEPAl
apTHIKIUBUIBIKTAPBIH  Tainanany — apKeUIbl HayKacTap MeH aJamjapra
MeIMIIVHAJBIK KOMEK JXKy3ere acepy JKOJIbIH e3repTel.

By Y/IKeH COMa €CENTey JoHe MallHHa OKBITY KypaJliaphlH Taifanany
apKBLIIbI fiepeKkTepai Gy joHe OfiaH /ia keI nmaitnaner Typre Ganrayra Oomamel.
O nepekTep OChl coMa MHKEHEPJIiK CUAKTEI CYT 6e3i OGBIPHIHEIH PETIHAE KAyl
TOH/IpETIH aypynapAaH Kkei6ip XeTy Mep3iMiH AMarHOCTHKANAy XoHe Ooyxay
mopirepiep KoMeKTece ajlabl memiM KoJiay YLIiH capanTaMaibIK xyhenepni
J@MBITy KOMEKTece ajlajbl JAEN CaHajael. pemriM KoJAay YIIiH OKCIEPTTIK
Xyilenep Kem 3€pTTCY yINiH KYHBIH, KYTYy YaKBITBl JKOHC epkiH anaMm
capanubUIapIbl (mopirepiep) a3anty, COHaii-aK, mapmaranaap Oai/IaHBICTHI
ajaM jkacaraH OOIyBI MYMKIiH KaTeJep MCH kaTenmikrep asaiTyra Oomapl.
Aunaiiga 0annaHBICTbI oKelyi MYMKiH epeKuIeNniKTepi (aTpubyTTapel) YIKEH
CaHbl, JXOHE MYMKIHIIKTEPIH aHBIKTay yIIiH ic-1apanap GapeICHIHAR, YIUiH
Meumiepi, ACHCAYNBIK JepeKTepli MainanaHy mpoueci THiMIA, MyHzal
KOFaJIFAH EpEKLIeTKTEp KYHIBUIBIKTapsl  Npobnema peTiHAe KONTereH
MiHZETTepAi KaMTHIBI, KaprbIC manipeK KOPBITHIHIBICEI (memipek JHArHo3)
YLIIH. Tuimmi MamvHa OKBITY Kypallapel, MBICaNbl, CYT Oe3i KaTepi iciriHig
CHSKTBI aypynapiel €pTe aHbIKTAay OOMBIHINA KOMEK ajlajtbl, xKoHe Oy
pEccepTaluaaa arbIMIarl YKYMBIC MAIIUHATIBIK OKBITY Kypanzap HerisiHae cyT
6e3i xarepni iciriH AHBIKTaYBIH poMaH Tocinzepai Teprey Hasap ayAapalel,
XoHe caiy, >XaHa omicTepin o3ipieyml JKoHE nporiecc xabapchi3 KETKCH
epeKmeJIiKTepi KYHIBUIBIKTAp, TP epeKIIeiri ipikTey oflicTepi TEprey, KHE
KaJsiali IMarHoCTHKa TpoLeciHe oapAbl XYMbICKa OpHaNacTBIPY.

Kint ce3aep: Mawuna oxvimy, Cym Gesi 0Ovipbl, OepeKmep may-KeH,
anzopumm, CIAMUCMuKa, 0ambimy, 360110YUACHL.



AHHOTAIMA

HenaBHue [OCTIDKEHHS B O6NAaCTH KOMIILIOTEPHBIX TEXHOJIOTHH H
CPENCTB XpaHEHWsl MO3BOJMIM IOIYyYHTh HEBEPOATHBHIA 00bEM NaHHEIX H
MHGOpMAllMd M3 MHOTMX HCTOYHHKOB, Takux Kak COLHalbHBIE CETH,
OHNalH-6a3bl JaHHBIX W WMH(OPMALMOHHBIE CHCTEMBI 31paBoOXpaHeHus. B
HacToslllee BpeMs MHOTME CTpaHbl MHPa MEHAIOT CHOCO0 OKasaHus
MEIUIMHCKON IIOMOIIM MalldeHTaM M JIIOAAM, HCIONB3YsA NPEHMYILCCTBA
NIPOIBIKEHHST KOMIIBIOTEPHEIX TEXHONOTHH U KOMMYHHKaLUH MOCPEACTBOM
37IEKTPOHHOTO 3APaBOOXPaHEHMS.

"JTOT OrPOMHBIH OOBEM HAHHBIX MOXET ObITh HACTPOEH HA 3HAHHE M
Gosee MONE3HYI0 (OpMY MAHHBIX C HCMOJB30BAHMEM BBEIYHCIHTEIBHEIX H
MallMHHBIX cpeacTB oOyuenusa. CuuTaercs, 4TO paspaboTka 3TOro obnema
JAHHBIX MOXET MOMOuYb B pa3paboTKe IKCHEPTHBIX CHCTEM UIA MOMACPIKKH
[OpMHATHS pELEHHH, KOTOpBIE MOTYT TOMO4Yh BpadaM B JHMATHOCTMKE M
[POTHO3MPOBAHMH ~ HEKOTOPHIX ~ M3HYDHTENBHBIX ~ ONMACHBIX  UIA  JKHSHH
3a60/cBaHMi, TaKHX KAk paK MOJOYHOH JKele3bl. OKCHEPTHBIC CHCTCMbI
[OIIEPKKH NPHHATHS PEIIEHUA MOTYT COKpATUTb 3aTPaThl, BPEMS OXHIAHHA U
cBOGONHBIX SKCIEPTOB (Bpaue#) mis OOJNBIIET0 KONMYECTBA WICCTIEIOBaHMH, a
TAKXe YMEHBLIUTD OLIMOKH H OIMOKH, KOTOPbIE MOTYT OBITh CAETaHB! JIFOIAbMH
¥3-32 YCTIOCTH U yCTaIOCTH. OpHako mpotiecc 3G HEeKTUBHOTO UCTIONE30BAHNSA
JaHHBEIX O 3I0pOBBE BKIIIOYAcT B cebsi1 MHOXECTBO IpobieM, TaKHX Kak
npo6nemMa HENOCTAOINX 3HaueHUH [PU3HAKOB, IPOKIATHE Pa3MEPHOCTH H3-3a
60JIbILIOTO KOJIHIECTBa (yHKIHH (aTpubyTOB) M XOX AEUCTBUI AN ONPEACICHIU
(yHKuMH, KOTOpble MOTYT MPHBECTH K K Gonee TouHBIM pesyibraram (bonee
TouHbI muarto3). D hEKTUBHbIE HHCTPYMEHTB! MAlIMIHHOTO 00y4eHHs MOTYT
[IOMOYb B PaHHEM BBIABJICHUH TaKHX 3a60/IeBaHK}l, KaK paK MOJIOYHOH XKenesbl,
¥ Tekymas pabora B 3TOM Te3uCe dokycupyeTcs Ha HMCCIEIOBAHUM HOBBIX
[IOAXOZOB K JWAarHOCTHKE paka MOJIOUHO} JKelle3pl Ha OCHOBE CpEICTB
MAIHHHOTO OOYYEHHs U BKIIFOYaeT pa3paboTKy HOBBIX METONOB JUIA CO30aHus U
00paboTKy HENOCTAIOMHUX dyHxuui 3HaueHMA, HCCIEAOBATh DPASIMIHBIC
veTonbl BbIOOpa OOBEKTOB M CrocoObl HX MCIIOJNIb30BaHUA B MpoLecce

JUArHOCTHKH.
KioueBble CJI0Ba: ymauunHoe obyueHue, paxk 2pYOHOU KNLEMKY, cbop u

06pabomxa OaHHBIX, AN20pUMMbl, CHAMUCTUKG, pazgumue, I60N0YUs.



ANNOTATION

The recent advancements in computer technologies and storage
capabilities have produced an incredible amount of data and information from
many sources such as social networks, online databases, and health information
systems. Nowadays, many countries around the world are changing the way of
implementing health care to the patients and the people by utilising the benefits
of advancements in computer technologies and communications through
electronic health.

This huge amount of data can be tuned into knowledge and more useful
form of data by using computing and machine learning tools. It is believed that
engineering this amount of data can aid in developing expert systems for
decision support that can assist physicians in diagnosing and predicting some
debilitating life threatening diseases such as breast cancer. Expert systems for
decision support can reduce cost, the waiting time and free human experts
(physicians) for more research, as well as reduce the errors and mistakes that
can be made by humans due to fatigue and tiredness. However, the process of
utilising health data effectively, involves many challenges such as the problem
of missing features values, the curse of dimensionality due to a large number of
features (attributes), and the course of actions to determine the features, that can
lead to more accurate results (more accurate diagnosis). Effective machine
learning tools can assist in early detection of diseases such as breast cancer, and
the current work in this thesis focuses on investigating novel approaches to
diagnose breast cancer based on machine learning tools, and involves
development of new techniques to construct and process missing features
values, investigate different feature selection methods, and how to employ them
into diagnosis process.

Keywords: machine learning, breast cancer, data mining, algorithm,
statistics, development, evolution.
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INTRODUCTION

1.1 Overview

The advancement of information technology, software development, and
system integration techniques have produced a new generation of complex
computer systems. These systems have presented challenges to information
technology researchers. ~Challenges include the compatibility between
heterogeneous systems, security and privacy issues, systems management,
sharing of data, and re using and benefiting from the existing resources and
data. An example of complex systems is the healthcare system. Recently, there
has been an increased interest to utilise the advancement of communication and
data mining technologies in healthcare systems. Also, many countries are
changing the way of conducting healthcare systems towards a global healthcare
system across the country by setting healthcare standardization in
communication and building the electronic healthcare records.

The aim of the current work is to investigate the aspects of utilising
health data for the benefit of humans by using novel machine learning and data
mining techniques. The idea is to propose an automated method for diagnosing
diseases based on previous data and information. However, there are several
problems associated with effectively utilising this previously acquired patient
data, which can make any electronic healthcare system less efficient. These
problems are: the problem of missing values and how to process them, the issue
of huge features and attributes and how to select the most beneficial features
and the problem of extracting accurate diagnostic markers that can predict the
early onset of the disease, and the monitoring of different stages of the disease.
This thesis will try to investigate these issues and propose methods for breast
cancer disease as an example, based on the power of automated technologies
and the previous evidence of data. The scope of the thesis is limited to the
problems outlined above, and does not include other equally important 1ssues
like privacy and security. In this research, UCI Machine Learning Repository
will be used as data sources for developing automatic data mining and machine
learning techniques, SO as to produce useful patterns and decision support logic
for automatic computer aided diagnosis. For pursuing investigations for this
project, the study used well-known datasets available publigly for research
purposes. It is envisaged, that the novel algorithms and techniques developed
and validated on this dataset can be extended to real clinical environments by
integrating them into clinical computer aided diagnosis and decision support

systems. This database is the trial dataset before integrating the proposed
methods into the real clinical environments.



1.2 Research Motivation

In Kazakhstan and all over the world, people are suffering from limited
medical resources and long waiting times to receive medical services. The
increasing population of Kazakhstan, the ageing population, the modern
lifestyle, the climate change, and the new diseases that come into view have
presented challenges for the Australian health organisations and state
governments to set procedures and plans to manage and cope with the available
medical resources, infrastructure, and to deliver a decent healthcare services for
residents despite the shortages in medical personnel and equipment. In addition,
medical services are essential for all individuals and it is the nation’s
responsibility to develop and sustain the medical infrastructures and services for
all residents and citizens. In addition to the shortages in medical personnel and
technology, incidents of prescription errors have been increasingly causing
minor to major problems for patients. For example, serious health problems may
occur because of Adverse Drug Effects (ADE). ADE caused by mistaken
prescription, errors in dosage, miscommunication between physicians and
pharmacy, dispensing and administering of drugs, and inappropriate number of
drug intake [1]. For example, a study [2] shows that ADE may rank as the sixth
leading cause of death in the United States after heart diseases, cancer, stroke,
pulmonary diseases, and roads accidents. Those problems may be avoided by a
systematic information transfer between different healthcare providers
(hospitals, medical centres, pharmacies, pathologies, etc.).

Breast cancer has become a common disease around the world. Yearly,
millions of women suffer from this debilitating life threatening disease, making
it the second common non-skin cancer after lung cancer, and the fifth cause of
death among cancer diseases in the world [3]. Discovering the disease in its
early stages may reduce the breast cancer tragedy. Computing technologies and
machine learning tools can be used to assist physicians in diagnosing and
predicting the disease so they can provide the necessary treatment and prevent
the impact, including the possibility of death. More specifically, breast cancer
cause about 22.9% of all cancers in women excluding skin cancers [4]. For
example, breast cancer caused 458,503 deaths worldwide in 2008 [4]. Breast
cancer is targeting women 100 times more than men, although men tend to have
poorer outcomes due to delays in diagnosis [5]. Survival rates for breast cancer
vary greatly depending on the cancer type, stage, treatment, and geographical
location of the patient. For instance, survival rates in the Western world are
high. However, in developing countries survival rates are much poorer.
Therefore, this work provides a hope, that this research and the related future
work makes some contributions that can help in a better diagnosis of breast
cancer for men and women worldwide, especially for countries with poor health

services.



1.3 Research Objectives

Computing and machine learning tools can significantly help in solving
the health care problems by developing expert systems that can assist physicians
in diagnosing and predicting diseases in early stages. These systems can reduce
the cost, the waiting time, and free human experts for more research as well as
reduce the errors and mistakes made by medical personnel [6]. Computer Aided
Diagnosis (CAD) and medical expert systems and tools have become one of the
foremost research areas in the field of medical diagnoses. The aim of CAD is to
design an expert system that combines the human expertise and the technology
intelligence to achieve more accurate diagnosis effectively [6]. CAD can be
used to assist physicians in diagnosing and predicting diseases. Accordingly,
physicians can provide a necessary treatment promptly to prevent loss,
including the possibility of death.

The aims of this research work are:

e To utilize patient’s histories, health information, and databases for
discovering and diagnosing diseases, and provide decision support
to medical professionals. The research is expected to establish
some models that can assist physicians in diagnosing diseases and
grouping patients in useful patterns based on different risk factors,
and how machine learning techniques can identify such patterns.
This can help in detecting early onset of the disease, identification
of disease stages and treatment plans.

e To address an important issue related to missing values that can
play an important role in determining the performance
improvements achieved by data mining and machine learning
algorithms.

e To work with large number of features and attributes in the dataset,
and identify the significance of some features over others. Large
number of features can lead to curse of dimensionality, and can
render a machine learning algorithm or technique limited in terms
of accuracy, precision and specificity

This work envisages that the outcomes of this research in terms of an
integrated computer aided decision support and diagnosis sygtem with a
principled workflow of different algorithmic techniques for using rpachme
learning based classification can enhance the accuracy with which benign and
malignant forms of the disease can be identified.

1.4 Research Methodology

Knowledge discovery from the databases or data mining refers to

extracting useful relationships and patterns from large databases. Due to the

amount of data and to obtain useful outcomes, a systematic method must be



applied. It has become a fact that quality data will imply more accurate
outcomes than dirty data. Dirty data is a common term in data mining that
describe some unwanted data characteristics such as incompleteness, noisy, and
inconsistency. In this research, the method proposed involves different data
mining processes starting by appropriate data collection (in our case, online
datasets), data selection, data pre-processing, applying learning based classifier
methods, evaluation, and finally visualisation and evaluation of results in terms
of tables and diagrams. Details of each stage are described in Chapter 3.

1.5 Thesis Overview

The thesis is organised into six chapters:
Chapter 1: Introduction
Chapter 2: Background Study
Chapter 3: Research Methodology
Chapter 4: Breast Cancer Diagnosis based on Machine Learning
Algorithms.
e Chapter 5: Discussion and Future Work

This introductory chapter presents the problem description, motivation
and objectives of this work, the contribution to the scientific knowledge, the
methodology, and the road map of thesis. Chapter two provides a review of
canonical machine learning and data mining techniques, features selection
methods, and data mining algorithms in the field of healthcare. This work has
combined them into one chapter because they are strongly related as a
background study. Chapter three describes data mining methodology used in
this work. Chapter four shows a new method for diagnosing breast cancer based
on optimization of parameters of learning algorithms for achieving best
accuracy rates. The idea is to obtain a hybrid approach that is based on selecting
best parameters to achieve best performing learning algorithms. Finally, Chapter
five presents some of the conclusions drawn from this work and scope for future

work.

1.6 Chapter Summary

This Chapter presented an overview of the thesis, the motivation and the
objectives of the proposed research, and described the nee'd of cqunt research
{0 assist in solving the shortages in automated computer aided decision support
technologies, the contribution of current research, and the thesis road map. The
next chapter will present a background study about machine learning, data
mining in healthcare, feature selection techniques, and missing features values.

10



BACKGROUND STUDY AND LITERATURE REVIEW

2.1 Overview

Machine learning (ML) can be interpreted as a group of topics that
emphasizes on making and testing algorithms that can assist the process of
classification, prediction, and pattern recognition, using computer models
obtained from existing data (previous data). Machine learning can produce
classifiers to be used on the available resources. In addition, machine learning
does not involve much human interaction. The objective behind limited human
involvement is that the use of automatic preprogrammed methods can reduce
human biases. The process of proposing the algorithm and its functionality to
classify objects or predict new cases are to be built on solid and reliable data

(7].

2.2 Background Study

In general, machine learning can be defined as a scientific domain that
aims to design and develop algorithms that allow computers to learn and behave
to solve a real time problem based on previous data or under a certain
instructions and rules. There are many presentations of machine learning; data
mining is the most used application of machine learning [8]. Data mining is a
science to discover knowledge from databases. The database contains a
collection of instances (records or case). Each instance used by machine
learning and data mining algorithms is formatted using same set of fields
(features, attributes, inputs, or variables). When the instances contain the correct
output (class label) then the learning process is called the supervised learning.
On the other hand, the process of machine learning without knowing the class
label of instances is called unsupervised learning. Clustering is a common
unsupervised learning method (some clustering models are for both). Tl.1e goal
of clustering is to describe data. However, classification and regression are
predictive methods. In the current research, my focus is on supervised machine

learning [8].

2.3 Classification |
Classification and regression are common models in supervised learning.

The current research will concentrate on classification. However, it is useful to
distinguish between them. Regression algorithms attempt to map input to
domain values (can be real values). For Example, a regressor can foregast a
certain goods sales by considering goods features. At the same time, clgsmﬁers
can map the input space into pre-defined classes. For example, a classifier can
predict a new case of patient whether benign (healthy) or malignant (suffer frgm
a certain disease) [9]. Classification is the process of learning the target function

1



that maps between a set of features (inputs) and a predefined class labels
(output). The input data for the classification is a set of instances. Each instance
is a record of data in the form of (x, y) where x is the features set and y is the
target variable (class label). Classification model is a tool that used to describe
data (Descriptive Model) or a tool to predict the target variable for new instance
(Predictive Model). Examples of classification models are decision tree,
artificial neural network, Naive Bayes, and nearest neighbour’s classifier [10].
The general approach for solving classification problem is shown in Figure 1.
The training data consists of instances whose class labels are known. The
classification model can be built based on the training data. The model then can
be evaluated and tested by using the testing data which contains records with
missing class labels. The evaluation of model performance is based on the
number of testing instances that are correctly forecasted [10]. The result of
performing the model on the testing data produces the confusion matrix.

Training Set
PAUAB3}{CIAEd]

AR AT B ANABZY Leaming
1+ |Yos |Lame [125K [No Model
2 No Medium 100K No -
a INo |Smam |7OK  |No
a Yos Medium 120K No
5 No La;ge 95K Yes H H
S e e m | 60K No mductnon
7 Yes Large 220K {No Leamn
8 |No |Smal |BSK  jYes Model
9 INo |Medium |76k  iNe
30 |No  |Sman  |9OK  [Yes

Testing Set _ Apply
ETAE: RECH Model

i3]

12
13
14
13

~rdeduction

Figure | General approach for building a classification model

Suppose the goal is to classify some objects i = 1, ... ., 1 iqto k
predefined classes, where k represent the number of classes. For examl?le, if the
aim of classification is to diagnose a patient whether or not suffering from
breast cancer then the value of K will be 2 corresponding to either benign or
malignant. Database (available data) can be organised as L X P matrix X ,.Whelje
xij represent the feature value j in the record i. Every row m the matrix X is
represented by a vector xi with p features and a class label yi. The clasmﬁer
can be denoted as ¢(x). One method to evaluate the classifier is by calculating
the error estimation based on the confusion matrix. To explain the error
estimation, let us consider an example. Suppose the aim of a certain classifier

12



c(x) is to train and test input vectors x into two possible classes benign and
malignant. Suppose the result of classification of the classifier ¢(x) on vectors X
is as shown in the confusion matrix in Table 1.

Table 1 The confusion matrix for classilier ¢(x) on matrix X that contains 160 records.
Predicted
true benign malignant
benign 60 15
malignant 5 80

The error rate (Er) of algorithm is the total number of incorrect classified
samples divided by the total number of records in the matrix X. In the example
above, Er = (15 + 5) / 160 = 0.125. On the other hand, the classification
accuracy of the model can be calculated as Acc = 1 — Er = 0.875.

2.3.1 k-Nearest Neighbors algorithm

The k Nearest Neighbour algorithm (k-NN) is an instance based machine
learning algorithm. k-NN is very simple to understand but works amazingly
well [11]. The idea behind k-NN method for classifying objects is based on the
closest training cases in the feature space. The k-NN finds the k closest
instances to a predefined instance and decides its class label by identifying the
most frequent class label among the training data that have the minimum
distance between the query instance and training instances. The distance is
determined by the distance metric. Preferably, the distance metric minimise the
distance between similar instances and maximise the distance between different
instances. The following pseudo-code shows an illustratipn for k-NN
implementation [12]. Examples of approaches to define the distance are the
Euclidean and Manhattan methods. Figure 2 shows an example of KNN.

procedure K-NN-Learner(TestingDataSet)

for each testing instance

{ find the k most nearest instances of

the training set according to a distance metric (Euclidean
distance or Manhattan distance )

Resulting Class = most frequent class

label of the k nearest instances}

13
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Figure 2 Example of k-NN {10]

Distance Functions
1. Euclidean Distance

The most regularly used metric to compute the distance between data
points is the Euclidean distance. Euclidean distance is the square root of the sum
between two points. For n-dimensional data, the distance is giving by the
formula number 1, where d denote to distance, x and y are two different cases
‘n the dataset, n is the total number of cases in the dataset [13].

e

d(x,y) = g(xi - yiy? (1)

2. Manhattan distance

Manhattan distance is one of well-known measuring distance. Manhattan
distance is calculated by summing the absolute value of the difference of data
points. Manhattan distance is less costly to calculate in compare to Euclidean
distance. The formula for Manhattan distance is giving by the formula number
2, where d denote (0 distance, x and y are two different cases in the dataset, n is
the total number ’?f cases in the dataset [14].

d(x,y) = ;Pﬁi —vi| 2)

14



3. Minkowski distance

Minkowski function is a geometric distance between two points and uses
a scaling factor, r. The main use is to find the similarity between objects. When
¢ = 2 then it become the Euclidean distance. When r = 1 then it become the
Manbhattan distance. The distance is giving by the formula number 3, where d
denote to distance, x and y are two different cases in the dataset, n is the total
number of cases in the dataset [14].

1

d(x,y) = (Zz;llxi —}’ilr)r (3)

4. Chebyshev distance

Chebyshev distance function calculates the absolute differences between
the coordinates of two points. Example of common application for using
Chebyshev distance is Fuzzy C-means Clustering [15], where d denote to
distance, x and y are two different cases in the dataset.

5. Canberra distance

Canberra distance is the sum of absolute values of the differences
between ranks divided by their sum, thus it is a weighted version of the
Manhattan distance function, where d denote to distance, x and y are two
different cases in the dataset, n is the total number of cases in the dataset [16].

% — il
dxy) = Zl:l %1+ lyil
4)
Before using the k-NN, it is a good approach to list the advantages and
disadvantages of k-NN to ensure that the k-NN is appropriate for the dataset and

the learning process.
k-NN advantages:

e Is a very efficient pattern recognition method and can be easily
carried out [17].

k-NN simplicity of use [18].

Strong against noisy data[18].

Can be used for large and small datasets [18].

Suitable for linear and nonlinear functions[18].

15



The ability to add additional instances with no need to train the
data set [19]

Weight is used to measure features significance [19].

missing values can be easily imputed [20].

flexibility (nonparametric model except the value of k) [21].

k-NN disadvantages

The need calculate the distance between the query instance and all
other instances[20].

The need for huge memory[20].
Not useful for multidimensional dataset because of high error rate

[20].
The option of using many distance function which may lead to

different accuracy level [20].

Figure 3 shows the features of learning for k-Nearest Neighbour algorithm [22]:
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Figure 3 k-NN characteristics in regards to some learning features.
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2.3.2 Artificial Neural Network

Artificial Neural Networks date back to nineteenth century when William
James and Alexander Bain comprehended the ability of constructing a manmade
system based on neural models [23]. In the middle of twentieth century,
McCulloch and Pitt found the capability of learning a group of neurons, and
Donald Hebb had developed tuning method that shows how neurons use
enforcement to strengthen the connections from important input. In 1950s,
based on Hebb methodology, Farley and Clark established the first artificial
neural networks where neurons were randomly connected followed by
development of perceptron for pattern classification by Frank Rosenblatt.
Regrettably, the system was not able to perform complex classification and the
research was stopped in 1960s [23]. During that era, the Adaptive linear
Element (ADALINE) was developed by Widrow and Hoff that ultimately used
to eliminate the echoes in telephone systems based on adaptive signal
processing [24]. Despite the limited research on neural networks during 1970s,
some researchers had developed self-organising neural model based on
physiological studies on nerves systems called adaptive resonance theory (ART)
[25]. In 1974, Paul Werbos had developed a learning rule based on error
minimization approach in which the error is propagated in reverse by adjusting
the weights using the Gradient descent model. Paul’s technique is the back
propagation error algorithm which is the most used artificial neural networks
model that spread widely in mid 1980s by a group of researchers[23]. During
1980s and 1990s, computers have extended in speed about hundred times
quicker since the beginning of the research, academic programs appeared, new
courses were introduced, and funding becomes available. All the mentioned
factors encouraged researchers to concentrate on neural networks application,
development, and new approaches for prediction, forecasting, and diagnoses.
For example, many studies[26, 27] demonstrates the potential applications of
ANN for clinical decision making. Now a day, Major evolution in neural
networks that attracts funding for further research in many fields such as the
hybrid neural networks and how to combine it with other technologies. The
artificial neuron is a computer simulated model stimulated from the natural
neurons. Natural neurons receive signals from synapses located on the surface
of the neuron. The neuron is starting to work and send a signal through the axon
once the signal extent to a certain threshold. This signal then transfers through
to other neurones and may get to the control unit (the brain) for a proper action.
Figure 4 shows how the human neuron looks like [28].
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Figure 4 Human neuron [28]

The Artificial Neuron (AN) simulates the functionality of real neuron.
AN have a set of inputs associated with weights. Inputs and weights are
calculated by a mathematical equation to control when the AN activated. ANN
is a combination of artificial neurons that process information [28]. Figure 5
shows a simple artificial neuron.

i
N

weight Activatiory Output

Function/ »

mnput

Figure 5 Artificial Neuron

In general, the artificial neuron operation is modelled by the data flow
diagram as in Figure 6
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Math Activation
Summation Function

Figure 6 Simplified ncuron operation

After briefly describing the artificial neuron, the ANN is described next.
ANN is a set of connected artificial neurons. The most used ANN model is the
Feed Forward Networks. Figure 7 shows a three layer topology of Feed Forward

Networks. The outcome of ANN is subject to input and the value of weight
[29].

Figure 7 ANN architecture
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Figure 8 shows the features of learning for Artificial Neural Network[22]:

K4

Features of kmretag tecinigees

Fipure 8 ANN characteristics in regards to some learning features

2.3.3 Decision Tree

Decision tree is a classification method which contains nodes, branches,
and leafs. The first node on the tree or the top node is called the root node. Each
node in the tree is connected with one or more nodes using branches, the last
node in the tree that contains no outgoing branches is called leaf node. The leaf
node indicate to termination or the outcome value [10] [30]. Figure 9 shows an
~ example of a simple decision tree. Figure 9 shows how to solve a real time
problem based on making questions and answers about attributes in the testing
records. The terminology of such classification method is to keep asking
question until conclusion is reached. The set of questions and answers could
form a decision tree with set of nodes. The tree could contain three types of

nodes [10]:

e Root node that has zero or more outgoing nodes and no incoming
nodes, as well as, it contains the testing condition that separate

records.
e Normal nodes, those nodes are internal nodes and each has one and

only one incoming node and two or more outgoing edges. It also
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contains the testing condition that separate records.
® Leaf nodes, those nodes hold the class labels, have no outgoing
edges, and only one incoming edge.

Outiook
Sunny Overcast Rain
Humidiry Wi Wind
H igh Normal Strong Weq <
’\ o Yes No Yes

Figure 9 Simple Decision Tree

2.3.3.1 Building Decision Tree

Building an optimal decision tree is a difficult task. because therg_are
many decision trees that can be built from a set of attributes. In addition,
constructing an optimal decision tree is computationally costly [31]. Qenerally
speaking, the methods of constructing decisi(_)n trees can be grouped into two
types: top-down and bottom-up method with favourite to the ﬁrst group
according to the literature [31]. There are many types of top-down decision tree

for example CART, C4.5, and ID3.

2.3.3.2ID3

The ID3 is a top-down decision tree. The algorithm proposed by Quinlan
in 1986. ID3 features the simplicity among other classifiers; it uses information
gain to split instances and building the tree. ID3 is simple to perform. However,
it doesn’t handle missing values and no pruning procedures [9].

2.3.3.3 C4.5 decision tree

C4.5 is a better version of ID3 found by the founder of ID?; in 1993. The
purpose of C4.5 is to overtake the disadvantages of the early version (ID3). The
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process of splitting instances is done by gain ratio or the information gain. The
algorithm runs as long as the number of instances to be split is more than a
predefined threshold. Unlike ID3, the new version is capable to treat missing
values and can handle numeric attributes [9].

2.3.3.4 CART

CART proposed by Breiman in 1984, it is shortcut for Classification and
Regression Tree. CART has become a common method for constructing
decision tree model due to the capability to deal with different data types,
handling missing values, and the ability to produce rules which are
understandable by human. CART may name binary tree because the tree is
constructed by splitting a node into two child nodes with exactly two outgoing
edges from the internal nodes. The splits are selected using the towing criteria
(represent the quality of the connection between a parent and child decision

nodes) [9] .

Figure 10 shows the features of learning for Artificial Neural Network.
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Figure 10 Decision Tree characteristics in regards to some learning features

2.3.4 Naive Bayes Classifier

Naive Bayes classifier in data mining is a mathematical classifier bE'lsed
on independency and probability (Bayes theorem). The Naive Bgyes classifier
adopts the idea that the existence of a certain feature of an object is unrelated to
the existence of any other feature, given the class variable. For example, an
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. animal may be considered to be a cat if it is hunt, play with kids, has four legs,
" has a head, and weight about 3 kilograms. Naive Bayes algorithm treat all
. features independently and how they make a prediction of this animal is a cat,

with no feature depends on others features values [38]. Naive Bayes algorithm
" is significant classifiers; it is easy to construct, does not requires parameter
estimation, easy to interpret. Therefore, Naive Bayes can be performed by
expert and inexpert data mining developers. Finally, Naive Bayes generally
performs well in comparison with other data mining methods [39]. The
literature shows two types of Naive Bayes, Multinomial model and Multivariate
Bernoulli model. In these models, the classification is performed by the
following Naive rule [40, 41]:

P(c).P(xilc))
P(glx) = (C)z)(x(‘?)c( 2l

)

Where ¢j is the instance class label, xi is the test attribute, P (cj | xi) is
the posterior probability of the class label cj given the attribute xi , P (cj) is the

prior probability of class label ¢j , P (xi| cj) is the likelihood which is the
probability of attribute xigiven the class label ci . Assume that each attribute xi

is conditional independent of every other attribute xj then the conditional
distribution over the class variable is:

peelxd = PO |, PCal)
(6)

The advantage of Bayesian classifier over other classification methods is
the opportunity of considering the prior information about a given problem. The

main disadvantages of Bayesian classifier are (1) the numerical attributes
require discretization in most cases; (2) it is not suitable for lgrge data sets
which contain many attributes (time and space issues) [22]. Figure 11 shows the

features of learning for Bayesian classifier.
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Figure 11 Bayesian classifier characteristics in regards to some learning features

2.4 Data Mining in Healthcare

Data mining methods have been commonly used in healthcare and

diagnostic applications since of their ability to predict new cases. The main
feature of data mining algorithms is the capability to learn from previous cases
ction model. The resulting model is used to

and it is ability to produce a predi
duce conclusion (knowledge) form a large

predict the new arrival cases, pro
amount of data, or to classify the data into useful patterns. There are enormous
tor. In the main, data

benefits for data mining applications in healthcare sec
mining benefits in healthcare sector can be categorized in the following:

treatment  effectiveness, healthcare management, customer relationship
management, fraud and abuse detection, and medical diagnosis (computer aided
diagnosis) [36]. The focus of current research will be on computer aided

diagnosis. However, other data mining application will be described briefly.

2.4.1 Treatment Effectiveness

n be used to assess the level of medical

Data mining applications ca
p a model that compares between the

treatments. The aim is to develo
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symptoms, causes, and the treatment procedures. At the end, data mining model
may produce an analysis for all treatment procedures to produce knowledge
about the best practice procedure. For example, data mining model can find the
best performing drug for a certain disease, grouping the side effects for a drug
and how to reduce its risk on patients. Finally, data mining may play a role to
determine the successful treatment and make it a standard approach among

healthcare providers [36].
2.4.2 Healthcare Management

In regards to healthcare management, a good design of data mining can
benefit to better classify and track some dangerous diseases and some patients
who may infect others, design appropriate intervention, and reduce the number
of hospital admissions and claims. For example, investigating readmission cases
in a certain hospital and comparing its data with current scientific literature can
make an efficient utilization of medical resources. As an another data mining
example in healthcare management, data mining can be used to decrease patient
length of stay (compare a certain case with previous cases, the length of stay
should not exceed the average stay of previous cases, of course the final
decision is to be taken by the doctor. However, data mining models can provide
an approximate length of stay), provide information to physicians (data mining
model may use as a second opinion for physicians or as a consultant), and to

. develop best practices [36, 371

2.4.3 Customer Relationship Management

As in other industries, data mining applications can be used to improve
customer satisfaction [38]. A study performed by Milley [39] stated that mining
patient survey data can help to determine the waiting times expecteq for a
patient before seen by a physician, how to improve customer se€rvice .for
patients, and assist healthcare providers with knowledge' about patient
expectations. Also, Hallick [40]suggested that Customer Rela.ttlon Management
in healthcare can help promote disease education, prevention, and wellness

services.

2.4.4 Fraud and Abuse

ork to help governments (Medicare for
es to control and reduce the fraud
dea is to establish a model that
atients), physicians, pharmacies,
the model predicted fraud case,
the case further before action is

Data mining applications can W
instance) and healthcare insurance compani
made by some healthcare providers. The 1
recognises strange claims made by customers (p
labs, or other healthcare providers [36]. Once
the fraud control department may investigate
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taken against violating healthcare provider.
2.4.5 Computer Aided Diagnosis

Computer Aided Diagnosis (CAD) is an assistance method for diagnosing
diseases and estimating the level for illness. CAD can be categorised as an
expert system which utilizes human knowledge and experience to solve
problems automatically or with a little support from human experts. The use of
CAD systems is not replacing the role of medical personnel. However, CAD
systems work as a second opinion, or for assisting in decision support in the
diagnosis process. The final decision is to be made by the physicians [6].

Types of CAD Systems

There are two types of CAD systems: CADe for Computer Aided
d CADx for computer aided diagnosis. CADe involve the use of
computer analyses to indicate whether or not certain case suffer from a certain

disease (the target disease such breast cancer). CADx on the other hand, is to

evaluate the process of detection. In both types, the final diagnosis and patient

management is performed by the physician or the medical personnel [41].

detection an

CAD Systems Characteristics

(CAD) and medical expert systems ?nd tools
have become one of main areas of research in the field of meflical diagnoses.
The aim of CAD is to design an expert system that combines the' huma.n
expertise and the technology intelligence to achieve more accurate diagnosis

effectively. In addition, it can speed up the diagnoses; reduce the errors and
mistakes made by human being, and free human expertise for further research.

CAD can be used to assist physicians in diagnosing and predicting diseases so
physicians can provide a necessary treatment promptly apd p.revent. loss(i
including the possibility of death. In general, Computer Aid Diagnosis an

expert systems have a number of attractive advantages [6, 42]:

Computer Aided Diagnosis

reduce the cost. The cost of providing expert

system per user is lower than providing human expfert. In addltlpn,
some cases require immediate response, especially in emergencies.
In such cases, diagnosis can be obtained by expert systems to
produce an approximate and rel'ia'lble result for the Sl.tuzl)tll0112.4/7
o Increase availability and reliability. Experts are available ona
- ble computer with internet connectivity for e-experts systems.
" | expert systems also increase the confidence about
Medica : hysicians and may help to break arguments

decisions made by phy: . ) ¢
between human experts 11 case of different opinions.

e Fast response and
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e Steady, unemotional, and complete response at all the time.

e Human experts are not permanent. However, the expert systems
last indefinitely.

e The knowledge in expert systems can be examined and corrected
since it is explicitly known instead of being implicit in the mind of
human experts mind.

e Justification and warranting. Medical expert systems can explain in
more details the steps and reasons for taking the decision than the
human being. Moreover, expert systems confirm that the

knowledge has been correctly used.

2.4.6 Ethical, Legal, and Social Issues

s of people from North America, Europe, Asia

have their medical information collected in electronic form. Therefore, there
must be a form of protection for human data. This work. w-ill d_iscuss some
ethical, legal, and social limitations on data collection and distribution that limit
researchers and industries when utilizing human data to prevent tl}e ab}lse of
patients and the use of their data for com.m.ercial purposes. The main points of
the ethical, legal, and social issues in mining medical data may be organized

into the following categories[43]:

About three-quarter billion

Data Ownership

Cios and Moore [43] discussed the term of data ownership and raised

' i i to answer. In legal

1 that require legal professionals assistance : .
fggﬁyqﬁfszggiip is de%ennined by who is entitled to sc'ell a par’ucu}ar item of
PI‘Oper,ty[44] The problem of identifying the ownership of data is typically
unresolved b.ecause human data and tissues are not supposed to be sold for any

reason. Therefore, cannot apply the legal tl}eory in regards -to. hum?u;1 datta. At

th ne ti human medical data are available for data mining without prior

c © san;q tlmi’le cases formation ownership 1s still
onsent in SO .

The question of patients’ in !
i iali ded
i ' legal specialists and researchers 18 nee
u further investigation by :
tél Sszt:\lfzdtl?ir;,dissue Example of questions that need to be ansy(\;ereg. (21) \ghosoglg
, . oe
the data; the patients the gove providers? (2)

rnment, Or healthcare
i i 724)If
urance providers own the data
I r own the data? (3) Do 1ns
‘i?l:;ilcal d;igiriders do not own their customers data, can they refuse to pay for
rance
the collection and StOrage of the

data? (5) Who organize and mine the datg?
He data ownership brought a debate about who own the data and who 1s
nce, da |
legally allowed t0 give

authorities for data usage in scientific field such as data
mining.
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Fear of Lawsuits

An important aspect of medical data mining is the fear of lawsuits against
medical practitioners and health care providers. Some medical practitioners and
health care providers are reluctant to hand over data to data miners. However,
providing individuals data to data mining may lead to lawsuits. Therefore,
health care providers and governments should work together to give patients the
right to decide whether their data to be involved for research purposes or not. In
addition, patients should choose the field of research involved and the location
of their data storage. In my opinion, this could facilitate the process of mining
data and may avoid the lawsuits. Moreover, this could reduce the efforts and

time during mining process [43] [44].
Privacy and Security of Human Data

Medical data which obtained by healthcare providers and medical
practitioners from individuals may contain private and confidential data.
Individuals’ data have to be handled with enormous care to protect people
privacy and confidentiality. To meet these requirements, there are four forms of

patient data identification [43]:
dentification is deleted during data

o Anonymous data: Individual i cleted during
to recover the patient identity in the

collection. Therefore, no way

future.

o Anonymized data: Individual identification is recorded initially

during data collection and then rfemoxfed. In this type of
identification, there is a chance to reidentify the patient because
patient information has been recordeq at some stage. o

o De-identified data: Individual' ideqtlﬂcatlon is recorded :im(tllally
during data collection, which 18 su.bseq}lently encoded or
encrypted. There still some chances t0 identify the pers%n lpsmg
computer technology (The country privacy law an(ll. guide 1nesd).
This method could help researchers to remove fiup 1catﬁ fecorts
that related to same patient. However, there 1 still a'(tjec p}qu:,. 0
identify the patient in the future by decrypting the identification

field.

o Identified da
data collection.

from patient to
country privacy

data: Individual identification is recorded ini.tially during
This method requires receiving a written consent
be identified. This method should adhere to the

law and guidelines.
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Expected Benefits

The World Wide Web and the internet are convenient ways to share and
store data, accessible almost from everywhere, and can help researchers who
may have legitimate reasons for access private information. For example,
researchers who hold reasonable claims to mine data because the data is rare
and they could not mount the financial and administrative resources to collect
and mine private data. The use of individuals’ data must be justified to the
authorities. In addition, researchers who want to apply methods on data must
show some expected benefits for the science or the society [43] [44].

Administrative Issues

Researchers and data miners are not the only people dealing with private
data. Therefore, some countries including the United State did specify

administrative guidelines for patient privacy. The guidelines include [43] [44]:

1. The establishment of security measures and policy to ensure
privacy and security is in place in research centers and all
institutions and organizations that hold and have access to people
information. |

2. There must be legal agreement between the healtl}care, prov@ers
and researchers (or institutions) that use patients medical
information. The agreement should force researchers and
institut rotect patients’ data.

3. 111“1}?2:: tiﬁzztt(l)ag up topdate plans to protect patients’ information
against natural disasters including dlsastf:rs p!ans gnd data backul;.

4. There must an authorization apd identification scheme for
employees to limit access to a}lthorlzed pgrsonn;:l orgly. .

5 There must be an ongoing internal review 0 au homza o
privileges procedures to ensure that the right person have an access

ients data. . .

6. El?hl;?:erlﬁst be training sessions for employl/ees in Secuvrigh T}llcel
privacy issues. The trainipg should be regp ar t(c; cc.>pec
technology advancements 11 regards to s.ecu.rltty artlru p:lxr/: iyn.cludin

7. There must be a daily update to security infrastruc g

anti-virus and internet security software.
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2.4.7 Challenges of Data Mining in Healthcare

Data mining and the advancement in computer technology can help the
healthcare industry in many applications as mentioned earlier in this chapter.
However, utilizing data mining in healthcare have some limitations. The first
limitation is the type of data in healthcare databases. The types of data in
healthcare database are heterogeneous. Some patients’ examinations results are
in numeric form, text form, and images. The process of mining such a mixed
data types bring a challenge to developers. The source of data is different, such
as laboratories, medical centers, physicians and more. Therefore, data collection
and integration is time consuming. To overcome this problem, some authors
recommended that a data warehouse to be built before data mining process.
However, this can be time consuming and may not reliable for previous
data[36]. Secondly, the nature of data is to be unorganized (th proce§sed da.ta),
this include missing features values, corrupted files, inconsistent with patient
history or family history. The problem of missing features values can be sglx./ed
by constructing or estimating the missing features values. However, the mining
process will be more efficient with complete data. Thirdly, mining data that
contains large number of cases and attributes may led to patterns that are

random and not real [45]. For this reason, not all significant patterns are

necessary to be useful. Fourthly, mining healthcare data requires expertise’s that

combine the knowledge in data mining and knowledge discoveryfasdwell as
i . .a] science. Since it is pretty uncommon to 1in expert
knowledge in med ™ i (data mining and medical

people who have knowledge in the domain area . :
SCiel:lCC) mining healthcare data may requires collaboration between expertise
in data ,mining and expertise in medical science[36]. Finally, resources for
developing data mining application should be allocated by healthcare

organizations including budget, time, and efforts, and expertise. Data rlnu;(m%
developments can produce a negative outcome for some causes, such as lac od
managle)ment limited support, and lack of cooperation between mining an

medical expertise[36]-

2.5 Related Work on Breast Cancer
ome of the related prior work on data mining methods for
iscussed. Song et al. [46] presented a new apprloach

i i ificial intelligence technology.

i t cancer diagnosis based on artifi
"f[?l: au?maﬂz lt);ejlitain a hybrid system for diagnosing new breast Cin{\:]ei\:,asis
1 eyllolc):uset_on petween Genetic Algorithm (GA) and ngzy Neural Ne dot{ .
11“1 coreon wed that inputs reduction (features selections) can.be use for
mhey aﬁlo SI})lrooblems which have high complexity and strong non-linearity with
any other

doum [47] proposed a
lysed. Arulampalam and Bouzer. 4 sed.
flug;}el lea;a tfl)iabgiloas?ﬁgy breast cancer and called Shunting Inhibitory Artificial
method for

Diagnosis

In this section SO
breast cancer diagnosis 15 d
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N.eural' Networks (SIANNs). SIANN is a neural network stimulated by human
blolgglcal networks in which the neurons interact among each other’s via a
nonlinear mechanism called shunting inhibition. The feed forward SIANNS
have been applied to several medical diagnosis problems and the results were
more favourable than those obtained using Multilayer Perceptions (MLPs). In
addition, a reduction in the number of inputs was investigated. Setiono
[48]proposed a method to extract classification rules from trained neural

networks and discussed its application to breast cancer diagnosis. He also

explained how the pre-processing of data set can improve the accuracy of the

neural network and the accuracy of the rules because some rules may be
extracted from human experience, and may be erroncous. The data
pre-processing involves the selection of significant attributes and the
elimination of records with missed attribute values from Wisconsin Breast
Cancer Diagnosis dataset. The rules generated by Setiono’s method were more
brief and accurate than those generated by other methods mentioned in the
literature. Meesad and Yen [49] proposed a hybrid Intelligent System (HIS)
which integrates the Incremental Learning Fuzzy Network (ILFN) with the
linguistic knowledge representations. The linguistic rules have been determined
based on knowledge embedded in the trained ILFN or been extracted from real
experts. In addition, the method also utilized Genetic Algorithm (GA) to reduce

the number of the linguistic rules that sustain high accuracy and consistency.
After the system being completely constructed, it can incrementally learn new
information in both numerical and linguistic forms. The proposed method has

Dataset (WBC) data set. The

been evaluated using Wisconsin Breast Cancer
results have shown that the proposed HIS perform better than some well-known

methods.

7.6 Feature Selection Techniques

capability of collecting and generating data is more than

factors include the steady progress of computer h;ardware
d the computerization of business, scientific, and
of the internet as 2 wide

dible amount of data and

Nowadays, the
before. Contributing
technology for storing data and the ¢
government transactions. In addition, Fhe use
information system has flooded us with incre

information.
information system researcher

. i ion to
ining has attracted a big attention .
Data mining due to the wide availability of D18 amount of data and the

in the recent years | patt The gained
. ta into knowledge and useful patterns. ga
heed for tuning such data } ny fields such as marketing, business

k atterns can be used in ma .
;r:;)l\;/i?sd gzn?isalth information systems [59]. The quality of data, the large

31



extracting knowledge and useful patterns, and then knowledge discovery during
training phase is more difficult. Experts in machine learning and data mining
stated that the classification performance (such as accuracy) decrease when the
dataset contains many features that are not relevant to the process of prediction.
For example, performing decision tree C4.5 on Monk]1 problem produced error
rate of 24.3% because of three irrelevant features. However, the error rate
dropped to 11.1% by ignoring the irrelevant features [60]. The k nearest
neighbour algorithm degrade to irrelevant attributes and training set size for a
certain accuracy level grows exponentially with the number of irrelevant
attributes [61]. Therefore, researchers have felt the necessity for producing more

reliable data from large amount of records such as using feature selection

methods. Feature selection or attribute subset combination is the process of

identifying and utilizing the most relevant attributes and removing as many
redundant and irrelevant attributes as possible [62, 63].

Variables, features, inputs, or attributes selection have become the focus

of much research in many areas where the number of cases and attributes are

huge. The purpose of feature selection is to obtain less number of features than
the original number of features in a certain dataset to: (1)enhance the prediction

accuracy,(2)obtaining 2 quicker classifier, (3) ignore the less important or
irrelevant features, (4) Improve data quality, (5) avoid over fitting (6) and help

solve the problem of incredible amount of available data and hovxf to utilise it
feature selection techniques can be

- literature shows that
effectively [64]. The liter d how it works with feature selection

divi induction algorithm an eature
vided upon the n techniques can be divided into three

search. According to that, feature selectio
types: filter methods, wrapper methods, and embedded methods [65].

jon Technique

Kohavi and Paeger in 1994 in
hods, the feature selection

2.6.1 Wrapper Feature Select

r approach was proposed by

. . 661. In wrapper met
Stanford university Al lab e[r agound the learning algorithm. The process starts

algorithm located 5 7 i bset of attributes by using the learning algorithm.

with a search for relevant &4 luate the feature subset which

i ithm itself is used to eva
le)];illlzznl;l;%heaﬁ(;ih. Figure 12 illustrates how the wrappet approach performs

i Jearning algorithm is treated

‘i d the evaluation process. The . « -
on the tralfife setvjirtlh no modification to the learning algonthm itself. The
as a black boX ssesses the subsets of features obtained by the search
: othesis about the quality and the

learning algorithm : :
: obtains a hyp _ .
method. The leaml?ﬁ gfgtr:;h;ﬁbset. Features subset with the highest estimated

relevance of a cel:ihe final set on which to run the learning algorithm. The final

value is chosen ie the model on new dataset (not used by the .search) to ensure

;tlep}sdto eV;:;zy petween the training process and the testing process. The
e indepen

The wrappe
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result i§ an estimated accuracy by using the highly relevant features subset on
the desired learning algorithm [67].

training s¢t {Feature selection search | e :
— . : : >| Induction
Cen Qrmance eature set .
Feature set. | ofimation ) Algorithm
| Feature evaluation _
Feature sct T hypothesis
nduction Algorithm |
. . Estimated
Test set »| Final Evaluation e
Accuracy

Figure 12 The Wrapper approach for features subset sclection 1671

Table 2 shows the main advantages and disadvantages of using wrapper
as a feature selection method, as well as, examples of existence methods that

utilize the wrapper approach [65].

Table 2 F.xamples, advantages, and disadvantages of wrapper feature sclection [65]

-

Advantages _ disadvantages Examples '

e Simpletouse and e The risk of over o Sequential
easy to fitting Forward Selection
implement .

o Computationally e Sequential
o Intcract with intensive backward
i elimination

Jcarning classifier

o Models feature

2.6.2 Filters Feature Selection Techniques
f features by investigating the

Filter techniques examine the significance 0 .
real characteristics of the data. In most cases feature rank is calculated, and lgw
d during the learning process. Afterwards, the high

ranki nore

rzgllggg gz%g;eit? 1;“Zaltires is used as training set to the clas§iﬁcation algoﬁmm
[65]. The main difference of filter in compare with wrapper 1S that filter ignores
the learning algorithm during features subset ’SeaI"Ch. Figure 13 Shzws tflrle ﬁltlfr
approach; it shows that features subset extraction 15 totally independent om the

learning classifier-
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Input Feature Induction

features 5 subset selection Algorithm

Figure 13 The filter approach [49]

Some advantages of filter techniques include that they are able to be
performed on large databases that contain large number of attributes and cases,
simple computation, fast in comparison to wrapper and embedded methods, and
they are independent of the classification algorithm. The aim behind the
independency between filters and learning classifier is that feature selection
needs to be performed only once and then different classifiers can be used to
evaluate the subset. On the other hand, the independency between filter methods
and learning algorithms may cause low level of classification accuracy [65].

Table 3 summarise the main advantages and challenges of filter methods
and some examples of popular filter methods.

Table 3 Examples, advantages. and disadvantages of filter feature sclection [65]
Advantages I disadvantages Examples
M -

_— o Ignores feature o Correlation-based

o Relatively fast .
Labl dependencies feature
o Scalable )
o [gnores selection (CFS)

o Independent of . o .

. interaction with o Relief

classitier .
the classifier

d Feature Selection Techniques

M) vary from other feature selection methods in

how classification methods and feature selection cooperate. In filter mc?thods,
there is no corporation between learning classifiers and feature selection. In

wrapper methods, the learning classifier are used to MEaSHT® the quality of
subppt ot ature’s without intervenes in the structure of the classification. In
sets of fe apper approaches, the embedded feature selection

co lter and Wr .
m:ttk:azlt tcI)ldfiearning process cannot be taken apart [68]. The process of finding
the Ogtismaal subset of features is combined into the classifier construction. EM

computation cost 18 Jess than wrapper methods and the fact that there is
putati

interaction between the classifier and EM. [65].
ws some advantages and disadvantages of using such a

mples.

2.6.3 Embedde
Embedded Methods (E

Table 4 sho
method along of €%2

34



‘Table 4 Examples, advantages, and disadvantages of embedded feature sclection [65]

Advantages disadvantages Examples
o Interacts with the ¢ Classilier o Decision tree
dependent v Weichted nai
classifier selection cighted naive

e Betier computational Bayes

complexity than

wrapper

2.4.6 Feature Selection Techniques Used

Information Gain

The information gain method was proposed to approximate quality'of
each attribute using the entropy by estimating the diffc?rence bet\n{een the prior
entropy and the post entropy [69]. This is one of the §1mplest .attrlbute rapkmg
methods and is often used in text categorization. If x is an attribute and cis the
class, the following equation gives the entropy of the class before observing the

attribute:
H(x)=- P(x) log, P(x)
Z (7)

probability function of variable C. The conditional

Where P(c) is the ity |
) is given by:

entropy of ¢ given X (pOSt entropy
= — E p E log, P(cix)
H(c|x)— ) (x) 4 P(c|x)log: c| ( )

The information gain (the difference between prior entropy and postal

entropy) is given by the following equations:

H(c.x) = H(c) - H(c|x) (9)
- -P P(clx)log: P(c lx))
Hic,x) = —ZP(C) log, P(c) Z( (X)Z 10
lection (CFS)

Correlation based se¢
lest feature selections methods. CFS ranks

. im .
CFS is amons Jhe :ritr;f features or subset of features according to a
er the ™ . of CFS is to find a subset of features

features and discoV ,
main aim O
correlation between features. The bel. CFS usually removes

space that highly ¢©



uncorrelated features and redundancy. CFS’s feature subset evaluation function
is shown as follows [70].

Merit, = kvey
e JE+ K+ D1gy
(11)

WhereMerits is the worth of feature subset s that contain k features, rcf
is the average feature correlation to the class, and 7 ff is the average feature to
feature correlation. In order to apply this equation to calculate approximately
the correlation between features, CFS uses a modified information gain method
called symmetrical uncertainty to compensate the information gain bias for

attributes with more values as follows [71].

H(x) + H(x) = Hxx)
H(Xg) 4 H(x,)

SU =

(12)

Relief

Relief is ranked among the well-known feature selection techniques and

[72]. Its aim is tO rank the features quality giving their gbility to prec?ict
instances of different classes. Relief uses instance based learning (lazy learning
such as k-Nearest Neighbour) to assign a grade to each feature. Features are

ranked by weight and those that exceed a threshold _determined by the user- are
selected to form the promising subset. For each instance, the glosest neighbour
instance of the same class and the closest instance of a different class are

selected. The following equation compute the average of distance between the

nearest match and nearest miss [72].

(13)

rade for the attribute x, 718 2 random sample instance,
d m is the number of samples.

: 2
diff (x, r.hy?  diff (x,r, 1)
We =We "'—'r_-+""—r—

Where Wx is the & :

h is the nearest hit, m' is the nearest miss, an
Principle Components Analysis (PCA)

of Principal Components Analysis (PCA) is to decfrease tge

' . that contains @ Jarge number of conelat<?d attqbutes y

dataset_ dimer 97 pace in which attributes are

o ibutes S qce to a n€W § .
transforming the original attrfowtes 7 n the original

iati twee
] then ranks the variation be en
uncorrelated. The alfr??ﬂ’;‘ﬁnsfoﬂned attributes with most variations are kept,

W : : :
dataset éu;ld g‘ec:: | the rest of attributes. It is also jmportant to mention that
meanwhile diS

The purpos®
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PCA is valid for unsupervised data sets because it does not take into account the
class label [73].

Consistency based Subset Evaluation (CSE)

Consistency based Subset Evaluation (CSE) adopts the class consistency
rate as the evaluation measure. The idea is to obtain a set of attributes that
divide the original dataset into subsets that contain on¢ class majority [62]. One

of well-known consistency based feature selection is consistency metric [74]
proposed by Liu and Setiono:

2 Ip|—|M
Consistency, = 1— EI:LLIA!_—LA

(14)

set, k is the number of features in s, Dj is the

number of occurrences of the jth attribute value combinatior}, Mj is the
cardinality of the majority class for the jth attribute value, and N is the number

of features in the original data set. For continuous values, Chi2 can be used [75].

Chi2 automatically discretize the continuous features values and removes

irrelevant continuous attributes.

2.6.5 Related Work on Feature Se
ature selection methods have been broadly used in different

domains. Xie and others [76] have proposed 2 hybrid features selections
algorithms to pbuild an efficient diagnostic models based.on a nevi/l accugacz
criterion, generalized F-score (GF) and SVM. The hybru:.1 algsont ITSS;FOSP
Sequential Forward Search (SFS), Sequential Forward Float-lngl eal-fh éVM t)c;
and Sequential Backward Floating Seareh (SBFS), respective y’t v:ilon o uide
accomplish hybrid features selections with the new accuracy crite g

dified GFSFS, GFSFFS and GFSBES,
t . Th _
he procedur? - tioned hybrid methods combine

: The men the advantages of filters
I e -
aescll3 cctively to select the optimal feature subset from the original dataset to
bn' wrappers { t classifiers. ntal results showed t'hat ﬂ}@ proposed
uild the cfhcien fficient diagnosis classifiers with high average

hybrid methods construct € nt .
a(}:Curacy when compared with traditional algorithms.

hybrid features selections method along

- ned to identi the most significant genes that
with k-NN and S}?{Dﬁésfzz};;gﬁfies of discfiymination between the classes o"f
demonstrate thef s% sed filter method 10 rank the genes in terms of their
samples. Th?yf ::rnce and then a clustering method based on'k-N.N mefﬂples
?Xpre|SSl?r;i:;f ;lene e’xpression data. A support vector machine is applied to
or cluste

where s is feature sub

lection Techniques

Numerous fe

Liao and others [77] proposed a
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validate the classification performance of candidate genes. Their experimental
results demonstrated the effectiveness of their method in addressing the

problem.

Vijayasankari and Ramar [78]also proposed a novel hybrid features
selections method to select relevant features and cast away irrelevant and
redundant features from the original dataset using C4.5 and Naive Bayes
classifier. The efficiency and effectiveness of the proposed method was
demonstrated through extensive comparisons with other methods using real
world data of high dimensionality. Experimental results on datasets revealed
that the proposed algorithm increases the classifier accuracy with less error rate.

Hall and Holmes [62] presented a benchmark comparison of several
attribute selection methods for supervised classification. Attributes selections is
achieved by cross-validating  the attribute rankings with respect to 2
classification learner C4.5 and Naive Bayes. The results conclude that features
selections methods can enhance the performance of some learqing algorithms.
The findings also include that Correlation based feature selection method has
produced the best result among siX different feature selections methods.

Saeys, et al [65] reviewed the importance of feature selection approach in

a set of well-known bioinformatics applications. They focusgd into two main
issues: the large input dimensionality, and the small sample sizes. The authors
found that features selections methods could help researchers solve the
mentioned issues. They also believed that features selections application will

become fundamental in dealing with the high dimensional applications.

The literature also showed two categories of feature setlectlon‘; tha; are
wrapper and filter. The wrapper eve.lluates apd select attnbutl:sin ?:Zmign
accuracy estimated by the target learning algorithm. Using ba cgm?uin somi
algorithm, wrapper basically searches the fe.atl'll'e Spatche yediction rgnetrics
features and testing the impact of feature omlsSIOn on e pr s it doeé
The feature that make significant dlffere':nce in lf:armng process 1mp p

d as a high quality feature. On the other hand,

m hould be considere .
ﬁle:tter andtlfe eneral characteristics of data 1tse}f .and work separately from the
leairrli?lsgesalgori%hm Precisely, filter uses the statistical correlation between a set

lation between features
reet feature. The amount of corre :
of features a0 thei;ﬁlg determin€ the importance of target variable [79]. A

and the tar® Va‘rb sorting attributes using algorithms that rank a features or

further category '° hich attributes are ranked in regards o their improvement to

set of features inw
a subset of attributes [59].
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2.7 Missing Features Values

Missing features values are common in many medical databases for
different reasons such as some features values are not specified because they are
not available. For example, diagnosing patients without blood test result.
Another reason for missing attributes values is that the attribute values might be
forgotten or mistakenly erased or not filled. Moreover, some interviewers
decline to respond for some private information such as the income or the age

(80]

2.7.1 Types of Missing Values

Donald Rubin classified the missing features values from the literature

into three types: missing completely at random, missing at random, and missing

not at random [81].

Missing Completely At Random

At Random (MCAR) is a term that describes how
the missingness occurred, in which the probability that a feature value .is
missing is unrelated to the feature value or 1o the va}ug of any other feat}lres in
the dataset. For example, the data may be missing because equ{pment
malfunctioned, the weather was terrible and could not record the observation for

a certain day, people got sick, or the data were not entered correctly [82].
e of feature not the missingness

in concern is the valu : .
who refused to mention the personal income 13 also
¢ data obtained is still to be

the family income, th : '
the reasons have no relation to the income value

Missing Completely

Notice that, the ma
itself. For instance, person
likely to refuse tO mention
considered MCAR as long as

itself [82].

Missing At Random -
i when the existence O missing
issi t Random(MAR) is the case '
featu Mls?mgd?es not depend on the feature value itself and may depend on
h e va e lues 1 t For example, depressed person 1 more
?"; elr features V* tin Jead to find that not reporting 1mcome
ikely not to repo
may due to depression

Missing Not At Random
i At Random (MN

[82]-

AR) is the cas® when the missing feature

. . at random Of completely at random. For example, if a

N ln . . .
value is not M gsion and a person who suffer depression 1S more 111(61}' not
person suffers depre® ¢ missing at random. Respectively,

no
report his mental status: then the data are
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if a person refuses to tell the age, then the missing data are not random [82]. In
data mining and machine learning applications, missing features values that
matters but still missing creates a challenge for researchers. Handling unknown
attributes values with the most appropriate values is a common concern in data
mining and knowledge discovery. The process of constructing missing values is
a vital process in most supervised and unsupervised data mining researches
because it may affect the quality of learning and the performance of
classification algorithms [83]. In general, the performance of classification
accuracy is particularly affected by the presence of missing feature values
because most of learning classifiers such as neural networks do not consider the
probability of having missing features values and cannot not deal with it

automatically [83].
2.7.2 Handling missing data

As mentioned earlier, the process of handling missing feature values is
vital process in most supervised and unsupervised data mining researc;hes
because it may affect the quality data itself, which may affect tf'xe classifier
performance. The literature showed many attempts to treat missing features

values. The most popular methods for dealing with missingness are omitting
instances, imputation, and ex tion. All of these methods can

pectation maximisa
be applied in conjunction with any classifier that operates on complete data
[83].

Omitting Instance
nces method, any record of data that contains missing
d from the data set. After omitting instances that coptgm
ocess run on the remaining

the classification Pr un he T
advantage ©of this method 18 discarding important
Therefore, it i not a common method. However, 1t

1l amount of missing data [83].

In omitting insta
features values is delete
missing features values,
instances. The main dis
information in some €ases:
could be used if there is a sma

Features Imputation N
hod for constructing missing

Features imputation is a well-lfnown met o oatation T od can
featur . the datasets for Jearning purposes pee .
wres values 11 itiple imputation [83].

be divided into tWO major types: single imputation and mu
values are substituted by the

ain rules such as the features

arning algorithm. For example, the mean
set that contain values. The

of feature f in the data nv
: et d to fill the features £ that has missing values.

In single iM
correspondence featur
values means, modeah
imputation calculate t

i e
mean value for featur® f is then us
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Another example is the regression imputation. Regression imputation is 2
method for dealing with missing features values by building regression models
that construct missing features values based on observed features (features that
contain values). The regression models are used to predict the values of missing

attributes [83].

The scenario for constructing missing features values in multiple

milar to the scenario for single imputation. However, the

imputations is si
multiple imputation use more than one value to fill missing features values in

the dataset, such as mean of observed feature values, the mode of observed

feature values, and regression method.

ations approach drawbacks include the computational

The multiple imput
the classification performance

cost is higher than in single imputation. However,
(accuracy) is higher than single imputation [83]-

Expectation Maximization

The two most important methods to deal with missing features values in
datasets in the recent literature are expectation maximization and multlple
aximization is one of the most effective

imputation [781]. Expectation m i
demonstrate expectation

methods for handling missing data .[84]. To dem
maximization, consider the data as shown table 5. Missing features values are

depression, age, and height [85].

Table 5 Extract of data to demonstrate F.xpectation Muximization 1851

_______-———"-T e
wage

—""’Tp-——-—] depression age height

1 5
b
173 31, 600

32,010

2
169 48,020

3]
____/ 400
* —-_-_——-———-

’ﬂ/ . -
: . /-
/ /— K . .
_/ 7,800

4 a5

the mean, variance, and

data 18 complete such as row

To perform expectation T :
p e 11 calculate the

. ce e :
covariance are estlmated from s ectation maxirmzatlon Wi
number 4 in table 5- I P

following values as ShOWD in table ©:
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e The mean of depression, age,

height, and weight is 4.71, 37.50,

183.21, and 45504.43 respectively.

e Thev

194.43, and 14403.12 respectively and appears in

Other cells are the values of covariance

The calculations of mean, variance, and

ariance of depression, age, height, and weight is 3.55, 9.43,

the diagonals

between each pair of variables

covariance for the features depression,

Table 6
age, height, and weight.

depresslon age height wage
Depression 3.58
Age e 9.43
Height 184.42 1643.32 194.43
wage | hes 14325443 1442554 14303.12
Mean 4.7 37.50 183.21 45504.4)

[ S R
uses maximum likelihood

Secondly, Expectation

procedures to estimate regressi ;
maximum like

variables. For example,
following equations:

maximization
on equations calcu

n=-153"* 0l xag

late the relationships between
Jihood algorithm may produce the

e +.004 X height + .0005 x wage

: i;?isiig +.34X depression +.002x height + 0003 x wage
o Height=1927 S3x% depression ¥ 021 x age + 0004 x W?lge
o Wage=73"% 44X depression 031xaget 0021 x height
i -1-elihood 18 1O ensure these equations pradict
e e of maxt ke (z)re accurately than any other equations

the means, variances:
[81, 84] .Thirdly, these
The procedure of estima

Consider th
height + -00

this equation.

Depression

This equation can
individuals who
For the second casé, 177

and covariance
equations C
ting the misS

e equation De
05 x Wage:

then

for this er

a
ing

n be
feature value

pression

used to estimate the missing values.
g is shown below:

=-153* 01 x age + .004 x

=

stimate the depression for

to € .
ation.

is/her inform . .
31600 would be substituted into



For other missing features values, the same procedure is used after
considering the right equation. The constructed missing features values are

| shown in bold in table 7.

Table 7 The final data set after performing Expectation Maximization method.

1)) depression age height Wage

| 5 2 181.43 32,010

2 1.362 17 173 31,600

3 ? 19.53 169 48,020

4 5 24 186 17,400

100 4 45 201 7,800
2.8 Chapter Summary

of main machine learning and
It also presented data
n different data

This chapter presented a background study
data mining technologies used in the present reseafch.
mining in the field of healthcare. Some related prior work 0
mining techniques.

The next chapter will present the research methodology used in current

research and the details of the datasets used.
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RESEARCH METHODOLOGY

3.1 Introduction

Two major research paradigms have been identified in the Western
‘tradition of science, Positivist (called scientific) and Interpretive (known as
“anti-positivist) [50]. However, Dash [51] stated three major types of research
‘paradigms: positivism, antipositivism, and critical thinking. The positivism
-paradigm is based on observation and reasoning as a tool of understanding a
“certain problem or behavior. This paradigm usually involves manipulation to
variables and predictions on the basis of previous observation or previous
history. Positivist researchers are concerned about what has caused a particular
relationship and what the effects of this relationship are, they also prefer
quantitative data which can be transformed into numbers and statistics.

Anti-positivism  0Of qualitative research approach concentrate on
subjectivist approach to studying social phenomena which have importance {0 a
range of research techniques. Anti-positivism researchers criticize pOSIIVISES

because they believe that statistics and numbers are not useful about human

behavior .Similarly, critical theory research approach desc ibes critique and

action research as research methods t0 investigate a certain problem [51].

Despite the fact that each research tradition has its own apprqaches and
research methods, the researcher may adopt research methods cgttmg across
research traditions to solve the problem or to answer research questions [51].

This research can be placed as a positivism resc?arch .utilizing the
principles of prediction upon previous history and da.ta manipulations (the term
manipulating in this regard does not involve change 1n de.lta.structure or values.
However, manipulating data is the process of filling missing features values,

treating noisy data, data normalization and more).

3.2 Data Mining Methodology

Knowledge discovery from the databases OF data mining refers to
extracting useful relationships and patterns from large databases. Due to the

amount of data and to obtain useful outcomes, @ systemically method must

applied. It i became a fact that quality data will imply .rn'ore accurate gutcomes
tt?'fn dil‘rty data. Dirty data is common term in data mining that c.lescnb.e some
unwanted data characteristics such as incompleteness, noisy, and inconsistency.
In this researc

h. our method involves different data mining processes as shown
in figure 14:
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Figure 14 Research Method Overview

3.2.1 Data Collection

quality data, which is highly reliant on

The research data were proposed to be
some healthcare providers in the
data could not gain due to privacy

viders in Kazakhstan. The second option was to collect
seas. This option failed due to the cost involved. Therefore, this
third option which utilizes online databases. Online databases

45

It is very important to acquire high
the quality of the data collection process.
collected from Canberra hospital and
Kazakhstan. However access to patient

data from over
research relied on



. are available publicly and are collected from clinical environment, and have
undergone proper organisational ethics approval processes and available freely
" for research proposes. The advantage of using online databases is the ability to
make comparison between our methods and the existing methods by using the
~ same databases. One of the most popular machine learning repositories is UCI
machine learning repository. UCI is a collection of databases, domain theories,
and data generators that are used by machine learning researchers to train and

test machine learning algorithms. The repository was created in 1987 by David

Aha and fellow graduate students at UC Irvine. Since that time, it has been

widely used by students, educators, and researchers all over the world as a

primary source of machine learning databases [52]. This research has used the

dataset Wisconsin Breast Cancer Dataset (WBC) from UCI repository. WBC
contains 699 records, each record consists of 9 features plus the class attribute.

Table 8 shows a sample of WBC dataset. In addition to WBC, 1 recently found

two other versions of breast cancer diagnosis, Wisconsin Diagnosis Breast

d Wisconsin Prognosis Breast Cancer (WPBC). WDBC

Cancer (WDBC), an
contains of 569 instances, 32 attributes, and 2 class labels where WPBC have

198 instances, 34 attributes, and 2 class labels.

3.2.2 Data Selection

ction or featur€ selection have been an active research area in
pattern recognition, statistics, and data mining. Th§ aim behind fgaturp selection
is to select a subset of records variables by }gnorlng features w1.th‘ little or less
important information. For example, physician can make a decision based on
some features whether a dangerous SUrgery is necessary for treatmeqt or pot. In
the current research, feature selection methods have been used to MInIMISe the

number of features in ing the mining process.

Data sele

the dataset before commenci

3.2.3 Data Preprocessing

roduce dataset that contains incomplete,

ta collection phase may P . con .
- d inconsistent data. Inaccurate data is having incorrect attnbujce
lty in data collection tools, errors 11

- thi e to data entry errors, fau :
values; the (00 & ubmit incorrect values just to fill mandatory

..sion, and users may S
datm e e ying [53]. Incomplete data can occur for many reasons. For
important during data entry and some

fields during surve_b t e ot

some attribv es values : ; .
examplea lues were not always available. Inconsistency 0ccurs when there 18
attributes V&L s on the dataset [53]. Completeness,

" . .« with other record :
a record that § 7 conflict & e elements that Jefine data quality. Data

onsistent data arc th ! \ .
' : ; an important step in data mining process t0 satisfy datfz quality
is to utilize data pre-processing tasks

rch
erefore, the current rescad .
cloments. 7 datase’t is ready for mining process 11 order to produce accurate

inaccurate, an
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results as possible. The study has proposed a new approach for constructing
missing feature values to satisfy the completeness element; also a comparison

has been made between feature selection methods to find the best method that
suites datasets, and performed some techniques to eliminate noise and outliers.
At the end of the current phase, data should be ready for mining process.

Table 8 Sample of Wisconsin Breast Cancer Diagnosis dataset

7| ‘Norgal | \Baro..
1
4
1
8
1
10
1
2
1
1
1
1
3
1
5
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1
. ' ’ ’ 1 a
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1 1 1 2 1 3 !
1
5 2 3 a 2 ? 3 6 ! !
2 N % 1 1 2 1 1 2
3 1 1 2
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2 1 1 2
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3.2.4 Applying Data Mining Methods

| At this stage, the data are ready for the mining process with no or little

data preprocessing. The processed data will be used to evaluate the proposed
. methods. This work proposed a method called Greedy Search and 5 algorithms:
| k-nearest neighbours algorithm, support vector machines, artificial neural

networks, logistic regression, naive bayes.

3.2.5 Evaluation

Evaluation phase is an important part of data mining process. In this
phase, the aim of the data mining experts is to test and assess the proposed
model. If the model does not satisfy the expectations, then data mining experts
usually rebuild the model by changing its parameters until the desired results are

achieved.
the evaluation of proposed methods is performed by

comparing the model results with the real data values (class features).
According to that, the classification accuracy and error rate are calculated. The
ifier is defined as the average number of misclassified

error rate (Err) of the class
samples divided by the total number of records in the dataset. On the other
hand, the classification accuracy of the model can be calculated as one minus

the error rate. If the classification accuracy is less than a certain threshold let say
80% for example, then some changes has to be perform to the method, the
feature selection, or the pre-processing phase until obtaining satisfying
outcomes. Another approach for evaluating the results is by making a

comparison between the results obtained by the proposed methods and previous
methods in the literature. In most cases, the dataset used in the proposed method

should be the same dataset used by other methods on the literature to ensure that

a competitive method has been obtained.

In this study,

attern classification systems

d machine learning techniques such as ANNSs and
ation performance has to be measured. The
fier cannot be described by a single value and is
during the test phase, i.e., the fraction of

The performance of a binary classifier can
s sensitivity and specificity, quantifying its

In order to evaluate the performance of p

(developed using supervise
SVMs), the binary classiﬁc.
performance of a binary classt
usually quantified by its accuracy
misclassified points o1 the test s;t'.t
scribed in terms Ol 1 .
EZr?o;L?:ZES fo false positive (FP) and false negative (FN) instances[86].
Characteristics (ROC) curve, the sensitivity,
the portion of malignant tumors that are correctly
is plotted against 1-specificity, the share of
arning machine, for different

In a Receiver Operator

which in this research is J
classified by the learning machine, |
benign tumors that are falsely classified by the le
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* cut-off values. The ROC analysis generally is used to determine an optimum

cut-off value referred to as criterion for use in medical diagnostic tests. It is
possible to achieve an optimal balance between sensitivity and specificity that is
needed for a certain purposes. This can be achieved by changing the cut-off
value of the systeml. Also, if the cost of not detecting a particular disease
becomes high to society, the cut-off value can be changed to achieve a very high

sensitivity, but lower speciﬁcity[86].

Table 9 Relation between,

TP, TN, FP and FN — Confusion matrix

positive (%) Negative (n%)
positive (07) TruePositive (TP) False Positive (FP) N
Negative (") “raseNegative () | TrueNegesee (70

Binary classification performance measures

Table 10
Performance Measure Definition
- Tumor marked as malignant by a biopsy; which is
True Positive (TP) also classified as malignant by the learning
machine.
, Tumor marked as malignant by a biopsy, which is
False Positive (FF) classified as benign by the Jearning machine.
1
Tumor marked as benign by @ biopsy, which is also
True Negative (TN) classified as benign bY the learning machine.
Tumor marked as benign by a biopsy, which is
False Negative (FN) classified as malignant by the learning machine.

The confusion matrix 1

different performanc
classification

n Table 9
e indices for binary €

s the relationship between
Jassification. For the computerized
abnormalities in digital
indices (TP TN, FP and FN) in Table .10
e predicted output from the learning machine
Using these four performance
classification can be calculated.

hich are marked and classified as

indicate

and benigh
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Sensitivi ty = Positives correctly classified _ TP
Total positives = TP+FN

(15)

Speciﬁeity is defined as the ratio of tumors which are not marked and
also not classified as tumor, to all unmarked tumors, given by:

e Negatives correctly classified TN
Specificity = Y =
p f y Total negatives = TN4FP
(16)

The overall accuracy is the ratio between the total number of correctly

classified instances and the test set size, given by:

Accuracy = Instances correctly classified _ TP+TN
Total instances TP+TN+FP+FN
(17)

OC curves of the binary classification performance,

In order to visualize R
itive Fraction (TPF) and False Positive

the performance metrics True Pos
Fraction (FPF) can be computed using:

Postivites correctly classified

TPF = (Sensjtwi ty) = Total positives
(18)

Negatives correctly classified

FPF = (1-Specificity] = Total Negatives
(19)

the percentage of correctly

classified diseased individuals and specificity indicates the percentage of
correctly classified individuals without the disease. So, ROC curves are
elative tradeoff between the sensitivity

two-dimensional representations the rela ‘ .
(TPF) and the 1- specificity (FPF) of medical diagnostic test.[86]
3.2.6 Machine Learning Software Develo

ed scikit library. Sci
programmi

In a medical diagnosis test, sensitivity gives

pment Tools

kit-learn is a free software
ng language. It features

n and clustering algorithms including support
boosting, k-means, DBSCAN and

The current

machine learning _
various classification, regressio

. ts, gradient

vector machin€s random forests, ) . . )

o1 | in, ~ethods for data pre-processing, classification, regression,

rrllac:nne eaglo cigatio and is designed to interoperate with
clustering, 2

n rules, visualization, ‘
the Python numerical and scientific libraries NumPy and SciPy. [54]
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3.2.7 Results Visualization

At the end of evaluation phase, data mining experts decide how to present
the data mining results. The aim of data visualization is to let the end user view

and utilize the obtained results. Since data mining usually involves extracting
m a database, the end users may raise some

questions about information source and how to utilize it. However in databases,
the end users expect the information is already reside on the database. This
research hasn’t investigated data visualization in depth. The reason is because
the current study is for research purposes and not business oriented. However,
tables, scatter chart, bar chart, and figures have been used to demonstrate the

obtained results.

not existing information fro

3.3 Chapter Summary
This chapter presented the research methodology used in current research
and the source of dataset used. It also describes the main methodology of data
mining process. Further, the next chapter will describe a new approach .for
diagnosing breast can bination of a new a new information

cer based on the com
gain and adaptive neuro fuzzy inference technique.
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. BREAST CANCER DIAGNOSIS BASED ON MACHINE
LEARNING ALGORITHMS

4.1 k-nearest neighbours
In pattern recognition, the k-Nearest Neighbors algorithm (or k-NN for

-parametric method used for classification and regression.[55] In

input consists of the k closest training examples in the feature
-NN is used for classification or

short) is a non
both cases, the
space. The output depends on whether k
regression:

In k-NN classification,
classified by a majority vote of its neighbors, W
the class most common among its k nearest nei
typically small). If k = 1, then the object is simp

single nearest neighbor.

In k-NN regression, the ou
value is the average of the values of its k nearest neighbors.
During the creation of best model of KNN algorithm we used Greedy Search to

fit algorithm with best parameters. And for KNN we tried to test number of
neighbours from 1 to 41. The best results of our work on KNN algorithm are

shown in Table 11.

the output is a class membership. An object is
ith the object being assigned to
ghbors (k is a positive integer,
ly assigned to the class of that

tput is the property value for the object. This

Table 11 Results of KNN model

] K-Fold 5—; K-Fold 6-{ KsFold 7 K-Fold 8 -

Fold9 ["K-Fold 10 | K-Fold 11

! K-Fold zma ! k-Fold4

rﬁAEEL_JRACY ’ 0.9;1 095 - 0.96 097 0.95 099 097 098 098 098
SEN—;IT[;/‘—[‘;" 093 0.88 091 0.93 092 096 0.94 095 096 1
| spscm&w T 094 099 097 1 0.98 1 ] 1 1 097
- Tl oss 098 09 1 098 1 1 1 1 092
-'“"m;;\:‘”“ . 098 093 097 0.96 0.92 0.98 095 0.98 0.97 1

p.scoggs‘ "3 0.87 093 0.9 0.96 0.95 0.98 0.97 098 0.98 0.96

G-sco;s; . 087 093 09 0.96 0.95 0.98 097 098 098 0.96

4.2 Support Vector Machines |

ctor machines (SVMs, also support vector

dels with associated learning algorithms

rvise : '
sup¢e : d regression analysis.

networks) aré
that analyze data used for classl :
5



~ unsupervised learning approach is require

When data are not labeled, supervised learning is not possible, and an
d, which attempts to find natural

clustering of the data to groups, and then map new data to these formed groups.
The clustering algorithm which provides an improvement to the support vector

machines is called support vector clustering.[56]
We tried to find best parameters for SVM model. And tried to change

kernel and C parameters. For kernel we used linear and rbf types of kernel and
for C parameter We tried values from 1 to 10. Results of best SVM model

shown in Table 12.

Table 12 Results of SYM model

r s i , -
d4 | K-Fold5 l K-Fold 6 l K-I-'old1| K-Fold 8 [. K-Fold9 | K-Fold 10 l K-Fold 1} l
1 098 1

! K-Fold 2 ! K-Fold 3 . K-Fol

* ACCURACY | 094 056 0.96 0.97 0.98 0.99 0.98
© SENSITIVITY 1 097 093 0.97 095 0.96 0.96 095 i 094 1
= ! 1 1
' SPECIFICITY ' 093 098 0.96 097 0.99 1 098 |
PPV 0.81 0.97 0.89 0.95 0.96 1 0.95 1 1 1

ey X 98 0.98 1 0.98 1
| NPV 0.99 0.96 0.99 0.97 0.99 0

F-SCORES 0.88 095 0.93 0.95 0.96 0.98 0.95 i 097 1
" eSCORES | 0.89 0.95 0.93 0.95 0.96 0.98 095 1 097 1

4.3 Logistic Regression . ‘ o del ]
In statistics, logistic regression, or logit regression, Of logit model 15 2

regression model where the dependent variable (DV) .is categori.cal. This article

i dependent variables—that 15, W .
covers e o of binar ol /dead or healthy/sick. Cases with

il. wi live
uch as ass/fail win/lose, 2 | . h _ )
two vatues, > ; are ;eferred to as multinomial logistic regression, OF, if

more than two categories : o e .

the multiple categories are ordered, a8 ordinal lqglstlc regres31on.[57]
P ogist Regression algorithm We tried to change solver garameter.
In Logistic <6 ' "lbfgs', '|iblinear' and

And as values for this parameter We used 'newtoln3-cg ,
'sag'. Results of the best model are shown 11 Table 15.

ification _
asglﬁca ty used in data mining.[58]
f a target variable based on

The goal i8 10 cre? le is shown 11 the diagram at right. Each
jables. An SX¥ N i ables; there arc edges to

several input Vv
interior node co i es of that input varia
: eac : :
chlldrentf0; value of the target yariable gtven the values
represents 4th from the root to the leal. . - and
the P i ¢ used min_samples_sphit an

re resented : ‘
P In Decision Tree Classifica
53



min_samples_leaf, both of this parameters we tried to change from 1 to 5. And
the results of our best test are shown in Table 14.

Table 13 Results ol Logistic Regression model

o - e T «
| K-Fold3 ; K-Fold4 | K-Fold 5 | k-Fold6 ( K-Fold?t K-Fold 8

lK-FoléB | K-Fold 10 | K-Fold 11

? K-Foldrzr
ACCURACY 095 097 0.95 097 097 0.98 0.5;" » o.;su o.; o
| SENSITIVITY ;097 0.94 0.92 0.95 0.94 096 0.95 1 0.96 1
| SPEC[FICI:I'"YVE 0.94 0.98 0.97 097 098 0.98 0.98 0.98 1 097
f PPV o 097 0.97 095 097 0.96 095 0.95 1 0.93
: NPV ) ’ 099 097 0.94 097 0.97 0.95 0.98 1 0.97 i
]
r F-SCORES I 09 0.96 0.94 095 0.96 0.96 095 098 0.98 0.96
o 096 0.94 0.95 0.96 0.96 0.95 098 0.98 0.96

; G-SCORES J, 09

Table 14 Results of Decision Tree Classification model

!

T - —— T ) N o T
_T K-Fold 3 ; l’oldA-% K-Fold 5—[ K-Foldﬁ,-{»i(-‘l’old7 t K-Fold 8 ! K-Fold9 ‘i‘l(_-l,’o!d 10 ! K-Fold liJ
ks ! ,,._4—‘_,__,.,_.{.. b

' K-Fold . -Fo
A(V:V(;;;\cvrw ;.'97277 09; ‘‘‘‘‘‘ (; 96 0.96 0.96 0.98 0.97 097 098 098
SE—NSITTVITY 09 0.94 0.88 093 0.96 0.95 1 1 1 1
ﬂSPI;C;FICI:nT 095 0.96 0.98 0.98 0.96 1 0.96 0.96 0.98 0.97
;' “ —;l:\;< ' 095 093 0.93 0.93 0.96 1 0.89 0.88 093 092
B NI’;’ B “ 09 0.97 0.96 0.98 0.96 0.96 1 ! 1 1
! p.;c;g; | 092 0.94 0.9 0.93 0.96 097 0.94 0.94 0.96 0.96
: G».scm.w,s 092 0.94 0.9 0.93 0.96 0.97 0.94 0.94 0.96 0.96
4.5 Artificial Neural Network '

ntelligence are usually referred to as

k models in artificial 1 . ' .
Neural neaggﬁvorks (ANN); these are essentially simple mathematical

artificial n;,ufal . . X Y or a distribution OVer X or both X and Y,
models defining ately associated with 2 particular learning

1 0 " [{
o S?rtllletm:elie?ning rule. A common use of the phrase "ANN H;O‘:lel' lls really
algorltf_m,t‘,)On of a class of such functions (where members 0 t.fe c asfs ?1:6
tt:)e Qe Zimliy varying parameters, connection welghtS,t_OftijPeCI lcs ol the
obtainé .+ connectivity).
. ne — :
architecture such as the number Ofto work with activation and learning_rate
ttanh', ‘relu’ values and for

i trie :
For ANN algorithm W¢ work W
parameters. For activation W€ used ‘identity’ logist
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TTTTT T e ma - e B o,

learning_rate we tried 'constant', 'invscaling’ and 'adaptive' values. The result of
our best model shown in Table 15.

Table 15 Results of ANN model

! K-Fold9 | K-Fold 10 | K-Fold 11

{ ;.Eéldz | K-Fol-d‘;i K-Fold4 | K-Folds | K-Fold6 | K-Fold7 | K-Fold8
;TVAccurl'z,\ic‘,;vv r o; -07.9;” 7 “o.94 0.96 095 058 094 097 0.95 0.98
seﬁsmvm 091 0.86 0.78 09 0.88 0.96 09 0.85 089 0.92
| S;’EC‘IFICF}Yh 09 095 0.98 1 0.98 0.98 097 1 1 1
3 m;v. » 0.73 0.84 093 1 0.97 0.96 0.97 ! 1 1
“_kr‘n’;“-{ 097 096 094 095 0.94 098 093 0.96 091 1
) psc;);;;s o 0.85 0.85 0.95 0.92 096 094 092 094 0.96
o 0.85 0.85 0.95 0.92 0.96 094 092 0.94 0.96

| G-SCORES 081
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DISCUSSION AND FUTURE WORK
The main purpose of current research is to participate in the efforts of

enhancing the quality of healthcare services, proposing technology as one of

solutions for the problem of medical shortages in regards to staff shortage and

technology lack. This thesis presented the challenges that face many countries
in population, the new culture,

in the field of healthcare services; the increase

the climate change, and other factors have derived more demand on healthcare

services. However, the process of utilising technology in healthcare services is @

comprehensive process and involves many Stages and steps. It is very important
th new system that derive the

to discuss all related issues to conclude wi
n issues that related to huge

expected services.
The current research focused on commo
values and feature selections methods and how can

databases; missing features
be used to diagnosis and predict the examination for new cases.
Missing features values are a concern when dealing with databases,
h for constructing missing

especially, 1arge databases. Therefore, an approac :
features values pbased on iterative k-nearest neighbours and the distance
proach is an iterative approach until finding

functions has been proposed. The ap

the most suitable features values that satisfy classification accuracy. The

proposed approach showed improvement of 0.005 of classification accuracy on
et on both Euclidean and

the constructed dataset than the original datas
Minkowski distanc d that Manhattan, Chebychev,

e functions. The study foun ¢ Mat
and Canberra distance metrics Pro lassification accuracy on the

duced lower €
o ced that classification
taset than the original dataset. The study also noticed
mew d greatly on the number of k-Folds. The experiment showed that

: The reason for that, in my opinion
less neighbours may lead t0 more accuracy. . : , : ,
is the gamount of noise produced from conflict pelghboms. Finally, the
Fication accuracy was k 7 which was 0.99.

¢ also used Gree

dy Search algorithms to test
dels, to fit and find the best model for our

le 16, the obtained results of modeling show that

dataset.
are the best 0nes for breast cancer prediction.

According to Tab

the algorithms VM and KNN
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Table 16 Best results of modeling for cach algorithm

i
!

ANN | DIC ' KNN ‘ LoGrT i g .
] ,,1;___#*_ - “'”;‘il""“““ -_-__,._,Tw.w-“.,.,.'._.L_m.,!____;.__- . ]
. ACCURACY 09g . 098 i 0s9 | 098 | 1 ;

SENSITIVITY 0.96 09s 0% 1 1

T S 4.-,,___._% S aa
SPECIFICITY | 098 1 ‘ 1 i 0.98 ’! 1 !
t - -7 R '_W"’!’""‘i_'_v"‘—w
PPV 0.96 1 1 1 L ees 1 |
‘ : i -
NPV oss  os o ! S T
R ‘Mﬁ‘"m‘”—"“ ‘T—-——'-—*}— .
F.SCORES 096 . o1 | 0S8 0.98 ‘ 1 |
S I s .
| | i . | |
G.SCORES = 096 097 | 0.98 098 | 1 |
! - )

can be described as follows. The current research resided
the main criteria for measuring the

mainly on classification accuracy as . |
perfor);nance of proposed approaches. However, future work will focus 11 1i)ther
i ' . nal cost. Future work can

iteri classification speed and computational €O
citere S0 & ith some attempts on

i i 1 been started W
also broaden disease options and which has some
th (1)’oid and hepatic. In addition, breast cancer dataset qsed in this study has
biZla outcomes (class label). Clinical practice; however, is often more complex
o in different format. It is envisaged that the future work can
and reliability of

a tcomes maybe 1 :
e Olli te to the ge and improve the accuracy bili
o nhe the databases and expandmg the criteria for

i den
established system! by broa :
measuring the performance of estabhshed systems. ) a

lso aim 10 contact the Kazakhstan Ministry of Hpa!t care data to
We o e er patients. And we will optimize our models

i pout breast canc / Il
obtain re:il ltdat'?haen we are going to create web based 1f1terface .f0.r clinics a!nd
for‘thlts tz al.;rovide support for the medical community 11 clinical decision
patients

making by the web system given results.

Future work
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