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Abstract

Generally Healthcare industry is known to be 'informaticoht, but woefully all the
data required to discover hidden patterns are not minedrdeent time heart dis-
ease is most fatal one.This is one of the leading cause ofi deaountries like UK
,Canada,India,Australia .Attack of heart disease is solihat it rarely gives anyone
a time to tackle with it.So detection of disease precisetytamely is complicated and
intricate task in field of medical. Medical professionalsyteke wrong decision during
diagnosis which may cause death of patient .

For effective decision making in field of medical ,advancechniques of data mining
are used.

The work represented here mainly focuses on prediction aftliksease using super-
vised machine learning models. On basis of available featudata is classified into
two classes i.e. presence and absence using Random Fatesaae Bayes . In ad-

dition , approach is proposed to select features beforsititztion in order to improve

performance of models. Here proposed approach helps teedenportance of fea-

tures . This is done by applying SVM-RFE and gain ratio akionis to dataset which

in results assigns weight to each feature.This approagds ltelimprove accuracy and
reduce computational time.Experimental results showspgt@osed approach of se-
lecting feature increases accuracy for both models.

Keywords: Heart Disease Prediction, Feature Selection , Binary Gieatson , Ma-
chine Learning Models.
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Chapter 1

Introduction

In present time heart disease is most fatal one.This is otfeedéading cause of death
in countries like UK ,Canada,India,Australia .Attack ofintedisease is so abrupt that it
rarely gives anyone a time to tackle with it.So detectionisédse precisely and timely
is complicated and intricate task in field of medical. Metljmafessionals may take
wrong decision during diagnosis which may cause death ciatAlso in some cases
treatment of said disease is not affordable specially inaliithe main motive of this
research is to develop cost effective prediction of saidae using machine learning
techniques. As all medical expertise do not possess compete every field and
moreover there is shortage of medical experts at certarepll that case results of
prediction derived by various advanced techniques is used avith medical expertise
advice to reduce chances of undesirable results.

Research work presented in this thesis mainly focuses atigbi@n of heart disease
using machine learning methodolgies.Main objective istmljt presence of heart dis-
ease on basis of given symptoms of patients.Different nm&ctgarning models are
available like Decision Tree ,Random Forest ,LogisticsrBegjon,Naive Bayes , K-
nearest neighbours.For all models prediction is dividéd iwo phases ,one is training
phase and other is testing phase.Training phase is usedinoniodel using training
dataset and testing phase is phase where trained modeted tegh never seen in-
puts.Performance of model is decided by comparing resiiltesb phase with actual
results. Higher the match means better is the model. Othampers are also used
to compare performance of different models like RMSE,csitfa matrix,ROC,AUC
depending upon model . Here in this work before classifyirgsence or absence of
disease , features are prioritized .So that lower valuddfesare seperated from higher
valued features of dataset . Higher valued are only useddssification which further
improve accuracy of model and reduce computational tino@pdsed methodology of
feature selection is hybrid of Gain ratio and SVM-RFE (Suppector Machine - Re-
cursive Feature Elimination).Subset of features are usethssify data using Random
forest and naive bayes classifier.

All the above brief descriptions are discussed in subsedgqiapters.



1.1 Research Orientation

This section narrates the motivation of this research asegareh areas chosen for this
work.

1.1.1 Research Motivation

Heart disease is result of alteration of functionality atrdicture of heart .This leads
to inadequate pumping due to which organs and tissues esceigufficient amount
of oxygen for their metabolic needs .Tissues could beconceotized due to lack of
oxygen and may cause death.Heart disease was the crucsa ofgasualties in the
different countries .In US heart disease kills one indialdo every 34 second .On basis
of medical professionals knowledge and experience, aisafyeften made but in some
cases this may bring about undesirable results as all dodtonot possess competence
in every field.Also most of hospitals use information systenmaintain their patient
data.But results of this system is huge and is in form of ch@xt,image and numbers
, which doesn’t help much in making clinical decision. Diagimg a disease correctly
on time is one of the most difficult task.

So there is need to develop a prototype to extract knowlediper@spect to said disease
using past heart disease records.This research is reqaictalssify heart disease data
with high accuracy by predicting presence or absence ofdsaghse.

Various machine learning algorithms available for clasatfon [1] and clustering 2]
.Classification is to assign each observation to predefiteess avhile clustering is to
assign each observation to one of cluster on basis of thairenaDifferent machine
learning algorithms have been successfully implementextiéViis applied to available
dataset in two stages .In first stage classifier is built vatielled samples and in second
stage after classifier is successfully built , never seentsépre used to test effective-
ness of classifier. Of all available classification models eHicient classifier need to
be implemented or chosen to correctly classify heart dessaghat heart patients are
correctly diagnosed.In this research we have used naivesbayd random forest to
classify data into positive or negative result.

Medical experts can use these results along with their kedgé and experience to be
more confident on their decisions to avoid undesirable tesul



1.1.2 Key Research Area

The key research area focuses on the machine learningtalgsrior features selection
using hybrid approach and then classifying data on basisatfifes. Following are the

key research areas:
1. The inherent drawback with large number of features isith@ay contain ir-

relevant or redundant features and also removal of suchrisatvill not cause
much loss of information.Main objective of selecting relet/features from given

dataset is :

(a) Less features allows machine learning algorithm tanléaster

(b) If correct features are chosen then this may improvesracyg of machine

learning model
(c) It also helps to reduce overfitting
(d) Less features reduces model’s complexity

In this research we have proposed a new approach of seldetitigres which
is hybrid of two algorithms named as SVM-RFE and GAIN-RATResults of
both algorithms are consolidated to select relevant featirtom dataset.Detailed

description is explained in subsequent chapters.

2. Furthermore, classifier chosen also affects resulec8eh of classifier depends
upon size, nature,quality of data.Machine learning athors can be supervised
and unsupervised

(a) Supervised learning algorithms : In this we have inpuiakde as well as
output variable and algorithm is used create a function firgeat to output

known as mapping function. Main objective of said ty3jdf to approx-
imate the mapping function in best way that can predict duplues for

never seen input variables.

(b) Unsupervised learning algorithm:In this type of al¢fums we are provided
with input variables only , no output variables .

In this research we have used supervised learning algaitomclassification
named as NAIVE BAYES , RANDOM FOREST. Said algorithms areliggjto

subset of features to produce results.



1.2 Literature Review

1.2.1 SVM Learning from imbalanced dataset along with Featte
Selection using Gini Index

There are number of techniques proposed for feature sabeloi ranking features on
basis of correlation or information ranking criteria. Appch of selecting features be-
fore classification improves classification performananglwith it provides a better
understanding of process that generates data.Also imtmtiataset is one of the other
issue in machine learning. Here imbalanced dataset meadass have more number
of instances as compared to other class and classifier mayadeditowards majority
class.This may degrades performance of machine learnitigoaie

Different approaches of selecting features are availalkgeclorrelation approach , sin-
gle variable approach and information theoretic ranking .@rrelation approach cal-
culates linear dependency between feature and predicéiiiebke(target) while sin-
gle variable approach calculates importance of featureagistof predictive capability
of each feature.In information theoretic ranking mutudrmation is only parameter
to check degree of information that one feature contain béwofeature.This is also
known as information gain.Approach used in this work is &mio information gain

approach.

The author Nanning Zheng and Jiayi Wu in research pa@erforms microaneurysm
detection which is considered to be as first sign of diabetinopathy.In this study rele-
vant features are selected on basis of weights generatedibgaex and then modified
svm classifier is applied to selected features to classify ietwo groups.

Gini Index method is used to compute goodness of all the aaldfeatures.Gini index
of given dataset A is calculated as follows:

Gini(w)—1- 3 pi—1- 3 () (1.1)
Nl =1— =1— — .
2= 25

where K is number of classes and Ck is number of instancesbtiiahg to k class
and pk is relative frequency.Also if dataset A is divideitwo groups Al and A2 by
splitting value which belong to feature X.Partitioned dstased to compute index as



follow:

Gini(A,X) = (Z—ZlGini(Al)) + (%Gini(AZ)) (1.2)

Here z1 and z2 are instances that belongs to subset A1 andgplatevely.Also feature
having minimum gini is considered to be a best feature fasifecation purpose.

Work flow of computing gini index of training dataset D is eajpled below : Input:
Training dataset D and F is Feature Set

1. Calculate Gini(D,A) : For each feature A in feature setfataset D is divided
into two groups D1 and D2 by dividing value a of feature A andex of parti-
tioned data is computed using formula 1.2

2. Choose minimum index of feature as best seperation featur
3. Remove best seperation feature from set of feature F
4. Repeat above steps until no feature left in F

After removing irrelevant features from feature set modifieersion of svm is ap-
plied.This modified approach is to make classifier to worklween for imbalanced
data set. As learning methods work well on balanced datagetdi in imbalanced

SVM is technique of training classifiers on basis of radialdiion , neural network or
polynomial functions.Therefore standard svm will dividesses on basis of hyperplane
.Optimal hyperplane is the one which have maximum margimftiee nearest instance
But due to imbalanced instances ,standard svm will be biesealds majority class to
reduce total error .

To avoid this author in research pap4} proposed a method to adjust a hyperplane by
simply mapping outputs of SVM to probabilities and use aghodd prob. for classifi-
cation of candidates.This is done as follows:

w= (00 (1.3)

where ti is target probability.

In testing phase after probability is assigned to each dateliof lesion , then this is
compared to t to predict candidate is lesion or not.After parson of both probabilities
hyperplane will be set and this will improve accuracy of miade



This improves accuracy of classifier even for imbalancedsidtAs imbalanced dataset
may cause performance loss as in standard SVM minority ptisfarther from ideal
line.

1.2.2 Machine learning models for Classification

Machine learnind§] performs data analysis to explore meaningful informatiam
huge amount of data.Numerous machine learning algorithmseailable that learn
from available data and helps to find hidden patterns.Onéeirhportant aspect of
machine learning is data mining][and industries dealing with big data have realised
the value of machine learning technology.

Like a human being machine learning has capability to dcage#dctivities that need
us to make decision.Like ,While reading inbox of our accow# make decision by
marking email as spam on basis of its subject or sender lika §t1d on clicking here”
.In similar way machine learning provides bundle of aldorit that helps a system to
do task that a human mind does naturally.

Real life application of machine learning are

1. Healthcare:The technology can help medical profesidoanalyze data in bet-
ter way and explore hidden pattern which helps medical exXpetake better
decisions at time of treatment.

2. Marketing and sales: Iltems recommended on a website slidomachine learn-
ing technology by analyzing shopping history.Amazon alsesusaid technology
in analyzing purchasing of product and then forecastingatehaccurately.

3. Financial Services : Financial institutes use this tettqgy to prevent fraud by
recognizing users with high risk profiles.

Machine learning have following advantages :

1. Machine learning makes fast processing and predictiomneal time : The way
machine learning analyse big data allows to result in boenttand which makes
further real time predictions.Example : It can be used tdd#ewvarious offers
in grocery shop for customer to increase income .This is donbasis of past
records of customers. In simple words ,this have capaliditidentify hidden
patterns from large database.

2. Improves decision making: Machine learning have a céipato improve deci-



sion making by making priority of features and removinglevant feature which
affect performance of models

3. Ability to modify:One algorithm is implemented , we canatiye algorithm to
optimize or improve performance using tolls and differeaiiadstructures.

4. Learning on basis of features:One of the important ben&fitachine learning
is the capability to get trained on few dataset given for Bgetask.In earlier
days , human experts are used for selecting features frgm tiataset. This took
number of months or year too for making a synchronizatiowbeh parameters
to get right results.So now machine learning is used to ahoelevant features
from all available dataset including relevant and reduhd@atures too.Training
a model on basis of only relevant features also improve®paegnce of model
in most of the case.

5. Ability to learn from past records : Other remarkable fieatof machine learning
is ability to make rules from past predictions and have caipato improve pre-
diction on basis of new available data .Example On partraldg and particular
time what type of customers arrive.

6. Consumption of large data : Also machine learning havidyat consume huge
set of data and from huge set identify relevant featuresné\with this it can
also used in marketing by consuming large amount of data amifynsales and
making different strategies based on behaviour of customer

7. Quick and efficient:Machine learning allows to get thirand quickly and effi-
ciently.Machine learning have ability to automate taskalhis otherwise done
by a human expert like checking balance of account, impbdeacision making.

To implement this technology number of machine learning et®dre available .Mod-
els are just like a black box which is used to solve same pnolg applying its algo-
rithm which vary from model to model.Broadly machine leagmimethods are catego-
rized into supervised and unsupervised learning methods.

1. Supervised methods: In supervised learning methods everarvided with de-
sired output in training dataset . Training dataset is @#lithto two vectors ,one
input vector and other as desired output value.In trainimasp , model is trained
with known values and in testing phase model predict outputput vector on
basis of training and then results are compared with actsalts .On basis of this
comparison performance of model is calculated , this is lafgwvn as accuracy
of model.



2. Unsupervised methods : In unsupervised learning metfigdge are not pro-
vided with output or we can say that we are provided with uellgld data.One
of the known unsupervised learning method is clusteringnisimethod input is
divided into clusters on basis of their characteristics.

There are number of machine learning models.Few of themiscassed below :

1. LMT: In LMT] 8] both tree induction classification and linear logisticgress-
sion are combined. Primary benefit of logistics regresssotidass estimate are
also generated along with classification. LogitBoost atgar is divided in two
phases a. Logistic regression model is produced for eact. nedUsing C4.5
criterion ,node is split. With each invocation of LogitBoggarent node results
are employed

2. J48: This algorithm results in decision tree where eadatens splitted using
attribute with highest information gain and then repeat for smaller sublist.

3. MLP: This network uses backpropagation for classificatibinstances. It is di-
vided in three layers input ,hidden , output layer. Buildilgck of this network
is node or neuroj.Each layer consists of number of interconnected nodds. Pa
tern are passed to input layer which is further processedeadidden layer and
decision is passed to output layer.

4. SVM: Support Vector Machine (SVMI[] can be used for both regression or
classification challenges. In this ,each data item is ploittex dimensional
space(Here x is no. of features in dataset).Then classiiice performed by
finding optimal hyperplane that best divides instances ptiirby their class in
way that maximize the distance of points from linear decivioundary and ex-
pected risk is minimized.

The optimal hyperplane is the one which have maximum margiwéen hyper-
plane and closest instance .

5. RBF: Radial Basis Function networkJuses radial function as its activation
function. This neural network consist of input layer ,hiddayer ,output layer
with one node for each class. Number and position of neurdrdden layer
affects the network , if number of neuron is high then it magetfcapability of
network either by overlearning situation or by poor gereation and if number
of neuron is low then network may not learn data adequateimdrily benefit of
using RBF is that this network brings robustness to our ptixt

6. BAYESIAN NETWORK: Bayesnet is probabilistic model foretlreason that
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11.

they use probability distribution to build model and lawspobdbability to make
decision[L2].This network is directed acyclic graph which consist otias and
links , where each node represents variable which can béncanis or discrete
and link between two nodes represents direct dependerete@eén variables.

Naive Bayes: Naive Bayes is powerful supervised learajpgroach that uses
probability of each attribute to make decisions.This atpan [13] is based on
Bayes theorem.This is preferable for high dimensions ofiirgmd for complex
real world problems as it works effectively for large rand@mblems.

In Naive Bayes presence of one feature does not affects fataeres. In other
words this theorem assumes independence among predictors.

CART: Classification and regression tree model is rejptesieas a binary tre@f].
Input variables are taken as root variable and output vigriate at leaf nodes
which is used to make predictions. Once model is trainece, igg¢raversed ac-
cording to inputs to reach leaf node .Output variable comtzin leaf node is the
prediction made by model.

RANDOM FOREST: Random foresi}] model constructs number of decision
trees and find mode of all classes output by individual tresefasal output.There
may be high variance in single tree but RF lighten the prolségh variance.

Error rate of random forest depends upon two factors are :

(a) Correlation between two instances of forest(treesg@dkselation increases
error rate also increases

(b) Another factor is strength of each instance of foresh\ivicrease in strength
,error rate of forest decreases.

RANDOM TREE: This model is used to construct single tréalbtrees con-
structed by random forest model.

In random tree during training , error is estimated so no rieegply any proce-
dure to estimate accuracy like bootstrap or cross validatio

NEURAL NETWORK : NN is collection of layers ,first layerirgput layer which
passes its output to hidden layers and then to output layergach intercon-
nected point on layer is node which also contains activdtiontion. Each layer
is connected and weights are assigned to each connection .

Pattern is passed to input layer and each node of input laytkier communicates
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Figure 1.1: Neural Network

to hidden layers by dividing inputs into neurons of hidderela Hidden layer can
be one or more. After processing with weighted connectiosystem by adding
input signal with weight associated with connection froraypous layer, output
of processing is passed to output layer as shown inlHigThe output

Yk = Z(Wki *Xj) (1.4)

where wi is weight associated on connections from one layether and xi is
input vector passed to input layer.

10



Chapter 2

Problem Statement

We are going to predict heart disease on basis of past reciindge is need to develop
a prototype to extract knowledge with respect to said deseasg past heart disease
records to help medical experts for decision making .Théeaech is required to clas-
sify heart disease data with high accuracy by predictinggee or absence of said
disease.

In this we will apply classifiers for prediction after filtag feature on basis of their rel-
evance by excluding irrelevant features . On subset of featmaive bayes and random
forest are applied for prediction.For feature selectiorhaee proposed a different ap-
proach ,which consolidates result of svm-rfe and gain r@tjorithm .Combined result

of said algorithms are used to select features.Classifigiseal on selected features by
proposed approach gives the better results as compareeMioys approach.

2.1 ALGORITHMS

For prediction of heart disease following algorithms aredus
1. Naive Bayes
2. Random Forest
3. SVM-RFE

4. Gain Ratio

2.1.1 Naive Bayes

Naive bayes is one the most important approach of classificat his algorithms as-
sumes all features are independent of each other.Changing of one doesnot affect
other features.Also naive bayes doesnot require much dastimate outcome. The
only basis of Naive Baye$p] is Bayes theorem

11



2.1.1.1 Bayes theorem

Bayes theorem uses prior knowledge to computes conditpoakbility of event .Ba-
sically conditional probability is the one which reflectgpaning of one event on prob-
ability of other event[7]. Terms related to bayes theoren are:

Prior probability : This is the original probability of an ent before referring to any
additional information obtained.

Posterior probability : This is probability computed on isaglevant information. It is
written as :

P(Y|X) x P(X)
(Y[X) % P(X) 4+ P(Y|=X) % P(=X)

P(X|Y) =5 (2.1)

where
P(X) and P(Y) are prior probabilities of X and Y respectively
P(Y/X) is posterior probability of Y given X

P(X/Y) is posterior probability of X given Y
P(Y /—=X)isprobabilityofY givenXisfalse
P(—=X)isprobabilityo f Xbeing false

For feature vector x1,x2....xn and classes C1,C2,... ,Gyedtheorem can be written
as:

_ P(X1,%2, ... %|Cj) # P(Cj)

P(Cj|x1, X2, ..... 2.2
(Ciba Xz, .. %) PXq, Xo....Xn (2:2)
Using assumptions of independence
P(%|Cj, X1 -, %) = P(x[Cj), (2.3)
for all i .Further this ca be simplified as:
P(Cij) N, P(X|C;
P(Cj‘Xl,Xz, ..... Xn) = ( J) [Mi=1 ( " J) (2.4)

P(X1,X2, ..., %n)

12



Further P(x1,x2.....xn ) is constant and equation is wri#ts:

n

P(Cj|x1,%2, .....%n) o< P(Cj) r!P(Xi‘Cj) (2.5)

Here we are calculating conditional probability of objedthagiven feature vector
x1,x2.....xn with respect to particular class.

Naive Bayes is used for prediction in following way :

1. On basis of given features ,probability is computed fahedass using equation
(2.6).

2. Class with higher probability will be chosen as a mostyiledass for that partic-
ular instance.

2.1.1.2 Types of naive bayes

Naive Bayes is categorized in three types:

1. Bernoulli Naive Bayes :This type of naive bayes is useddatures having binary
value i.e Os or 1s.Few applications of bernoulli are texssfecation , disease
prediction where 1 indicates presence and 0 indicates absen

2. Gaussian Naive Bayes : This is approach which is followweddntinuous values
of attributes.For this case value related to each classwsligaussian or normal

distribution.

3. Multinomial Naive Bayes :This approadd is related to discrete count.Lets
consider text classification problem .Here we considerdodiririal and in place
of ” presence or absence of word ” in document, we have ” cofifiequency of
word ” on basis of is occurence.

Benefits of using naive bayes are listed below:
1. Naive bayes have capability to get trained even on smadirsets.
2. Implementation is easy

3. Also naive bayes can be used for multi class classification

13



2.1.2 Random Forest

Random foresf[8] is supervised learning technique used for both classificaand
regression. Random forest as name suggest generates noiniess to make a for-
est.Unlike decision tree which generates only one treéganforest generates number
of trees. Also approach used in random forest to choose ¢ s different then
decision tree which uses information gain or gini index Joette in random forest root
node is chosen randomly.

Reasons of using random forest are:
1. One algorithm used for both regression and classification
2. Also compatible with categorical values.
3. Also have capability to deal with missing values.
4. More number of trees in forest means more will be the acgura
Random forest classifier works in two stages:
1. Creation of random forest using dataset: This is done lbywiong below steps
(a) Choosing random set of j features out of i features where |
(b) Choose root node among all chosen k features on bass sylit approach
(c) Choose child nodes from remaining features from set ebkures

(d) Repeat above steps until we are left with target nodehwhit be leaf node
of tree.

(e) All above steps are to create decision tree .Above stepepeated k times
to generate Kk trees.

2. Use random forest for prediction : After generation ofd@m forest next phase
is to predict outcome using generated forest in following:wa

(a) Choose random features set of all available features

(b) Use rules generated by k trees in phase 1 to predict o@t&iore k out-
comes generated by K trees.

(c) Final outcome is considered to be highly voted outcornis.Toncept of
majority is known as majority voting.

14



2.1.3 Support Vector Machine -Recursive Feature Eliminabn
SVM is machine learning technique used for both classibicatind regression.Here
each instance is plotted on n dimensional space where n iberunfifeatures.

Idea of SVM[L9] is to find optimal hyperplane that best divides instancés dlifferent
classes.Here hyperplane is line or surface that lineavigles dataset or classify into
its classes.

2.1.3.1 Choosing Best Hyperplane

Optimal hyperplane is the one that have maximum margin frgpetplane to nearest
instance . Here maximum margin means distance between ptahaearest instance
on either side of hyperplane.

As shown in figure2.1 green and red points are support vector and line between them
classifies the two classes in best possible way.

Y

Support Vectors Y .

Figure 2.1: SVM

Maximum margin across linear line make model more robust.

2.1.3.2 SVM-RFE

Support vector machine-recursive feature elimina26his a wrapper method of SVM.
SVM-RFE is efficient approach of selecting features. Thiapper method select fea-
tures from dataset with k features is done as follows:

1. Linear svmR]] is applied to all features of feature set and assigns weggéach
features.

15



2. Percentage of worst ranked features are eliminated featufes set on basis of
weight.

3. Svmi is trained again with remaining attributes.
4. Repeat above steps until all features are removed fromrteaet

This approach of finding relevant subset of feature is knaswgraedy optimization .All
features are ranked on basis of weight.

2.1.4 Gain Ratio

Information gain and gain ratio are approaches to choogenbele of available nodes
for construction of decision tree.Term related to these@gghes are:

Entropy : Entropy is measure of uncertainty which is comgutgng below formula:

entropy= — Zp X )10gp(X) (2.6)

Information gainR2] works well for all cases unless we have any feature with iplelt
values .But information gain is biased towards multi valagiibute.To remove this
limitation a modified version is used for multi valued attriés that is gain rati@g).
Gain ratio have following features:

1. Gain ratio is not biased towards multi valued attribute.
2. For choosing attribute as best split it considers sizenamaber of branches.
3. Gain ratio introduced the concept of split information .

The split information value is information generated byidiivg training data A into k
partitions, corresponding to k outcomes on attribute X.

<A Al
Splitinfox (A s logy(=L (2.7)
(#)==3 () lowlZ)
Further gain ratio is computed by dividing gain by split irf® given below :
ainratio(X) = _Gain(X) (2.8)
g Splitinfo(A) '
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Here Gain is computed by subtracting information beforé spid after split. In next
section we will discuss implementation of above algorithonslassify heart disease on
basis of features.
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Chapter 3

Feature selection

3.1 Introductionto FS

For high dimensional dataset feature selection is impoteam .In machine learning ,
subset of features are used from available dataset foritgppnocess.This is approach
of choosing best subset of features which contain least ruofl@imension to increase
accuracy of algorithm in best possible way by discardingpledr attributes4]. Further
features can be categorized into following types:

1. Relevant Features:There are features whose presenca/grgrcuracy and task
cannot be completed by rest of features.

2. Irrelevant Features:Those features whose presence’tioegroves accuracy of
model but in some cases may degrade performance.Valuesloffsatures are
randomly generated.

3. Redundant Features:As name suggest when feature tekaf ather feature then
redundancy exists in a dataset.

3.1.1 Definition

It is approach of choosing best attributes from the all amd features as all features
are not useful in performing task such as classificationwsteking.This is so because
some features may be redundant or irrelevant which doeentributes anything to
learning process.

Feature selection2f] or subset selection is approach followed in machine leani
where subset is used for applying learning algorithm.Therobjective of feature se-
lection is filter a minimum subset from all features whileg@e/ing accuracy of model
by representing relevant features.Therfore best subset &f those features which have
least dimensions that contribute most to improve perfocaan
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This is crucial phase which involves preprocessing of fiestiefore classification or
clustering depending on task.This is important becauseeasegmce of abundant of ir-
relevant and redundant features.To be sure in subset afrésathere are number of
iterations to choose best combination of features whichesiones becomes infeasible
as for n features there are 2n subsets.

3.1.2 Advantages

Feature selection has numerous advantages.Few of them are:

1. Helps to remove features whose presence doesn't cotativaccuracy.Iln other
words it removes noisy data.

2. Improves quality of data
3. Itreduces dimensionality and requires limited storage.

4. Limited features helps to increase algorithm speed byaied complexity of
data .

5. Better data understanding

6. Improves accuracy of machine learning model.

3.1.3 Characteristics of FS algorithms

Feature selection algorithms search best subset of feahraigh space of features.Following
are issues that affect the search of features.

1. Initial point:Startng point of search from feature spacay affect search.This
can be done in different ways.One approach is to begin witfeature and suc-
cessively adding on basis of its relevancy.Alternativerapph is to start will all
features of feature space and then removing them on bassiokievancy.

2. Search organization:Heuristic search strategy is béten exhaustive search
strategy as this will generate hood result .

3. Strategy involved for evaluation : One of the importarsktan area of feature
selection is to evaluate features selected.One approdelatoire selection is by
applying filter method independent of learning approaclts #ill remove un-
desirable features before learning .These type of algusgthse information re-
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lated to features to evaluate selected subset.Other ¢ealisrategy is by using
induction algorithm and cross validation technique forlesting subset of fea-
tures.This approach is known as wrapper method.

Wrapper method is slower then filter due to high interactiathwwmduction algo-
rithms and repetitive iterations .Wrapper method and fitshown in figure8.1
and3.2respectively.

/ [ SEARCH ] \
Feature Set Heuristic
merit

[ Feature Evaluation : Cross ]

validation

Feature Set + CV Fold@ ﬁ Hypothesis
\ [ Machine learningalgorithm ] /

Figure 3.1: Wrapper method

ga=uh

Feature 5et Heuristic
merit

Feature Evaluation ]

o | 4

Figure 3.2: Filter method

4. Criteria to stop: It must be clear to feature selector witoestop.Generally fea-
ture selector will stop adding feature or discarding feaitit is not making any
change to accuracy of model or no other better alternatiaegasable.Other stop-
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ping criteria is to continue searching until feature seleotaches opposite point
of space and then choosing best subset of features aftela¢iva all of them.
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Chapter 4

Tools Used

Tools used in this research is weka and eclipse.

4.1 Weka

One of the most common and popular tool for data mining taslelsa. This is software
written in java language.This contains bundle of machieniemg algorithms for data
mining.Also this software have capability to be called friava code itself.

Weka have capability to perform number of tasks:
1. Clustering
2. Classification
3. Preprocessing
4. Visualization
5. Association

Weka is also suitable for generating new machine learnihgree.Features of weka
are:

» Weka tool have graphical user interface

» Evaluation methods are also available to evaluate legmwiimodel is accurate or
not.

* Preprocessing tools are also available in weka.

Weka accept input in number of ways .It can be in form of .cenm{ma seperated val-
ues), .arff(attribute relation file format), .bsi (binamrlizes instances)Among them
.arff is one of the convenient form.Also input given in thesearch is also in .arff
form.
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Arff format files looks like as below: .arff file is divided intwo sections ,Firstis header
section and other is body part.

» Header section section define name of the attributes usad alith their datatype
.This is written in following way:

@relation jname of relation¢, : This is included in beginnugvery .arff file
.Here name is also written along with relation keyword wtsglecifies name of
the relation.

@attribute :This keyword is written along with each atttduname and data
type.Here attribute types can be of four types as follow:

— String :This type of attributes contain data in form of text.
— Nominal : Values are from set of predefined values.

— Numeric : This type contains integer or real values.

— Date :This type is used for dates.

» Body section : This section contains data .Keyword usegéeify body section
is @data

Content after @data is used as instance and used for traamadesting.Each
row after @data represents each record and each commatsepahe in each
record is associated with attributes mentioned in headiose

Example of arff file format is :
@relation cricket

@attribute playerName string
@attribute dob date "YYYY-MM-DD”
@attribute height numeric

@data

Andrew,1980-11-09,6

In weka5] attributes are case sensitive.Also weka expect valueatia skction
to be declared in same format as mentioned in attributesgeéts shown in above
example Andrew is first value of a instance because firsbatginame used in
header section is player name followed by dob and heightaFtidile used in
our research file looks as given in figutel .Here age,sex ,cp , chol ,fbs , restecg
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,thalach,oldpeak , slope , ca are features used for predicRows after @data
are instances where each row belongs to record of each dudilvi

@attribute 'age' real
@attribute 'sex' real
@attribute 'cp' real
@attribute 'trestbps' real
@attribute 'chol' real
@attribute 'fbs' real
@attribute 'restecg' real
@attribute 'thalach' real
@attribute 'exang' real
@attribute 'oldpeak' real
@attribute 'slope' real
@attribute 'ca' real
@attribute 'thal' real
@attribute 'num' {yes,no}

@data

63.0,1.0,1.0,145.0,233.0,1.0,2.0,150.0,0.0,2.3,3.0,0.0,6.0
67.0,1.0,4.0,160.0,286.0,0.0,2.0,108.0,1.0,1.5,2.0,3.0,3.0
67.0,1.0,4.0,120.0,229.0,0.0,2.0,129.0,1.0,2.6,2.0,2.0,7.0
37.0,1.0,3.0,130.0,250.0,0.0,0.0,187.0,0.0,3.5,3.0,0.0,3.0

Figure 4.1: data

Output of learning process of weka is given in form of few paesers named as :

» Accuracy : One of the metric to measure performance of thdahis accu-
racy.This is given by weka as output parameter which is ¢afed as follows:

Instancescorrectlyclassifi

d
Totalinstances % *100 (4.1)

Accuracy= (

» Confusion matrix :It is matrix of X*X where X is number of daes of target vari-
able .Classification problem we are addressing in this pep&iains two classes
either positive or negative.For this matrix of 2*2 is consted which shows cor-
rect and incorrect classified instances by chosen model nieghect to actual
outcome(target).Higher number of instances in diagnolatrimmeans higher is
accuracy of the model.Basic terms related to confusionirnaite:

True Positive: In this case model predicted yes and actuabme is also yes.
True Negative: In this model predicted no same as actuabmec

False Positive(Type 1 error):Model predicted yes but dautcome is no.
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False Negative (Type 2 error): Model predicted no but actuédome is yes.

 Precision :This metric is calculated with respect to edabses.lIt is calculated as
follows:

No.oflnstancescorrectlyclassifiedofclassY

No.ofinstanceswhichareclassified asbelongingtocl(gss;(
4.2

PrecisionY) = (

* Recall : This is similar to precision.lt is given by:

No.oflnstancescorrectlyclassif iedofclas)sY (4.3)

RecallY) = .
(¥) = No.ofinstancesofclassY

4.2 Eclipse

Eclipse is one the most popular ja28] IDE(Integrated Development Environment). This
also allows to use plug-ins to provide support at run time.

Latest stable version available of eclipse is neon.Maiblis iused to develop java
application but it also provide support for other languatges like C , Ruby , Perl
,python.

SDK(software development kit) of eclipse is available vwhiontains development
tools of java.One can also extend its features by installifffgrent plug-ins accord-
ing to need.This kit is open source i.e. available to evesyfon use.

Eclipse has following features :
1. Stability and robustness:
2. Automatic error reporting:
3. Performance
4. Support of java tools

Along with this eclipse also have one of the most importaatifee of debugging mode.
Debugging in eclipse allows to make a program interactivéolaking variables and
loops used in a program.

This is done by introducing few points in a code .These paanésknown as break-
point.Breakpoint is point where execution of program stopsng debugging. Break-
point is created by right clicking line where we want to ceebteakpoint and then by
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selecting toggle breakpoint .Other approach is by doul&iolg on line.
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Chapter 5

Implementation

Work of research work is done in few stages as mentioned bielfigure 5.1

Raw data

4

Data Collection and preprocessing

‘ Preprocessed data

~
Feature Selection
A
‘ Subset of features
~
Classification
A

‘ Qutput

Figure 5.1: Flow chart

5.1 Data Collection and preprocessing

This section is about collection of data and preprocesEhese terms can be written
with respect to data transformation , integration and dean
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5.1.1 Data integration

Data integration is shown in figure.2 .Data is collected from multiple sources.For
our research work data is collected from various resouress.data collected from
different sources is shown in tallel .Data shown in tabl&.1is raw

Data source 1

Integrated Data

-
.
.

Integratior{=

Data source 2

Figure 5.2: Integration of data

5.1.2 Data transformation

After integrating data from multiple sources data furthesgrocessing is done. Here
target variable have 5 possible values i.e. 0,1,2,3,4 wiaphesents absence(0), pres-
ence(1,2,3,4).Here 1,2,3,4 have same significance foesearch work i.e. presence of
heart disease.This raw data is processed to 2 classes 0ldrcel0. represents absence
and 1 represents presence.Here 1 is integrated result,8f4L,Phis process is known
as data transformation.

Data after transformation is shown in tat8e where last feature named as num is
transformed to two classes i.e. presence or absence in tekmOorespectively.

5.1.3 Data Cleansing

Cleansing of data is known to be as crucial part of data sei€we who have capability
of extracting useful data from noise is said to a true daensist.As data present in real
world is dirty. This raw data can be of following types:

1. Noisy : Data is noisy if contain outliers or errors in oneotrer form.
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Table 5.1: Raw data

Age | Sex| Cp | Trestbps| chol | fbs | ecg| thalach| exang| o.p | slope| ca | thal | nun
63 |1 1 145 233 1 |2 150 0 2.3 3 0| 6 |0
67 |1 4 160 286| 0 |2 108 1 1.5 2 3| 3 |2
67 |1 4 120 229 0 |2 129 1 2.6 2 21 7 |1
37 | 1 3 130 250 0 | O 187 0 3.5 3 0| 3 1|0
41 | 0 2 130 204 0 | 2 172 0 1.4 1 0| 3 1|0
56 |1 2 120 236| 0 | O 178 0 0.8 1 0| 3 1|0
62 | O 4 140 268| 0 |2 160 0 3.6 3 2| 3 1|3
57 |0 4 120 354 0 |0 163 1 0.6 1 0| 3 1|0
63 |1 4 130 2541 0 |2 147 0 1.4 2 1| 7 |2
53 |1 3 130 250 0 | O 187 0 3.5 3 0| 3 1|0
Table 5.2: Processed data
Age | Sex| Cp | Trestbps| chol | fbs | ecg| thalach| exang| o.p | slope| ca | thal | num
63 |1 1 145 233 1 |2 150 0 23| 3 0| 6 |0
67 |1 4 160 286 | 0 |2 108 1 15| 2 3| 3 |1
67 |1 4 120 229 0 |2 129 1 26| 2 2| 7 |1
37 | 1 3 130 250 0 | O 187 0 35| 3 0| 3|0
41 | 0O 2 130 204 0 | 2 172 0 14| 1 0| 3|0
56 |1 2 120 236| 0 | O 178 0 08| 1 0| 3|0
62 | O 4 140 268| 0 |2 160 0 36| 3 2| 3 |1
57 |0 4 120 354 0 |0 163 1 06| 1 0| 3|0
63 | 1 4 130 2541 0 | 2 147 0 1.4 2 1 7 11
53 |1 3 130 250 0 | O 187 0 35| 3 0| 3|0

2. Incomplete : In incomplete data few features in data dbesntain values .

3. Inconsistent : Inconsistent data is data with multipleiedor same attributes.

5.1.3.1 Dealing with missing values

There are numerous ways to deal with missing values .Fewashthre listed be-

low:

1. By ignoring the tuple : This approach is usually followetlem class label is
missing or number of miss for each attribute doesn’t varies.

2. Manually filling missing values :This approach is veryiters.

3. Global constant is used to replace missing value :Thisescase where instead
of missing value "none” or "unknown” keywords are used
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In our work raw data also contain missing values .In place @smg values "?” is
placed.This is shown in below tab%e3 .Here in 9th and 10th instance 12th and 2nd
attribute are missing . So tuple containing missing dataymied using approach
first.

Table 5.3: Instances with missing value

Age | Sex| Cp | Trestbps| chol | fbs | ecg| thalach| exang| o.p | slope| ca | thal | numn
63 |1 1 145 2331 1 |2 150 0 23| 3 0| 6 |0
67 |1 4 160 286 | 0 |2 108 1 15 2 3] 3 |1
67 | 1 4 120 229 | 0 |2 129 1 26| 2 21 7 |1
37 |1 3 130 250 0 | O 187 0 35| 3 0| 3 1|0
41 |0 2 130 204 | 0 |2 172 0 14| 1 ?1 3|0
56 | 1 2 120 236 0 |0 178 0 08| 1 0] 3 1|0
62 | O 4 140 268 | 0 |2 160 0 36| 3 2|1 3 |1
57 |0 4 120 354 0 |0 163 1 06| 1 0| 3 1|0
63 | 1 4 130 254 | 0 |2 147 0 14| 2 207 |1
53 | ? 3 130 250 0 | O 187 0 35| 3 0| 3 1|0

5.2 Feature selection

This stage includes selection of features from availablas#da. As discussed in chapter
3 about feature selection improve accuracy by removingrrédnt or irrelevant features

There are number of approach of selecting feature.To imghefeature selection num-
ber of algorithms are available like chi square , info gaaingatio. But of the available
approach we proposed a new approach known to be as hybridagtpHere we con-
solidated results of two different algorithms and used tioesherive results.

Here we will compare accuracy of two different models withtteres selected randomly
to accuracy of features selected by proposed approach weikey

Figure5.3represents interface of weka tool and figbré shows view of loading arff
file in weka .Also5.5represents view of heartdisease.arff file in weka.

Here input file named as "heartdisease.arff” contains:
Relation : heartdisease

Attributes : 14
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Applications
{ Open ... J l Open .. J { Open ... J l Gener. J Unda Edit... Save.
Filter
Explarer
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[ Choose JiNone Apply
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/ Instances: ... Sum of weights: None Missing: ... Distinct: ... Unique: ...
The University —_
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R
Waiksto Envitonment for Knowledge Analysis
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Hamilton, New Zealand R ———————

Figure 5.3: Weka interface

» Age : This attribute represents age in years

» Sex : Two possible values are 0 or 1 .Here 1 represents mdlé tamale.

» Cp: This attribute is related to chest pain and categoiiizid4 possible values :
1. value 1 represents typical angina
2. value 2 represents atypical angina
3. value 3 related to non anginal pain

4. value 4 related to asymptomatic

Trestbps : This term is related to blood pressure

Chol : This represents cholesto@d] in mm/dl.

Fbs : This is check fasting blood sugar is greater then 12@lnog not .If true
then 1 else 0.

Restecg : This stands for resting electrocardiograplsialte This attribute have
3 possible values :

1. value O represents normal
2. value 1 means having ST-T problems

3. value 2 means having left ventricular hypertrophy
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e Thalach : This value is maximum value of heart rate achieved

* Exang : This is true if exercise induced angina otherwisamib1 for true and O
for false.

» Oldpeak : This is related to ST depression which may be iediy exercises.
» Slope : This is related to slope of peak exercise and havesS§ilge values :

1. value 1 means upsloping

2. Here 2 means flat

3. Value 3 means downsloping

* Ca : This represents number of major vessels which are exloy process of
fluoroscopy(This is similar to x-rays. ).Here it can have 4gble values of this
attribute 0-3.

» Thal : Thal is the attribute having three possible values:
1. Value 3 : This means normal
2. Value 6 : This represents fixed defect

3. Value 7 : While this is related to reversible defect.

Num : This is target variable of data set.

5.2.1 Classification with randomly selected features

In this section of available dataset , few feature are rema@aadomly using remove
feature of weka. Total 14 attributes are available in datstefrom then randomIyg|
few of them are removed as shown in fig&é.

Randomly chosen features are used for classification using bayes model as shown
in figure5.7.Similarly this process is repeated with random forestsifees as shown in
figure5.8

As shown in figureb.7and5.8accuracy of randomly chosen attributes with naive bayes
classifier and random forest is 78% and 84%.
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Figure 5.4: Opening weka file

S

|&| Viewer

Relation: heartdisease

. 1:age 2:sex 3:cp 4 trestbps 5:chol 6:fbs 7:restecg 8:thalach 9 exang 10: oldpeak 11:slope 12:ca 13:thal 14: num
Mumeric Numeric Mumeric Mumeric Numeric Numesic Mumeric  Mumeric Numeric  Numeric  Numeric Numeric Numeric Mominal

1 63.0 10 10 145.0 2330 10 20 150.0 0.0 23 30 0.0 6.0 no i

2 67.0 1.0 40 160.0 286.0 00 20 108.0 10 15 20 30 30 yes

3 67.0 1.0 40 1200 2290 00 20 129.0 10 26 20 20 7.0 yes

4 o 1.0 30 1300 2500 00 0.0 187.0 00 35 30 o0 30 no

5 41.0 0.0 20 1300 2040 00 20 172.0 00 14 1.0 o0 30 no

5] 56.0 1.0 20 1200 236.0 00 0.0 178.0 00 08 1.0 o0 30 no

7 62.0 0.0 40 1400 268.0 00 20 160.0 00 36 30 20 30 yes

8 57.0 0.0 40 1200 3540 00 0.0 163.0 10 0.6 1.0 o0 30 no

9 63.0 1.0 40 1300 2540 00 20 147.0 00 14 20 10 7.0 yes

10 530 1.0 40 1400 2030 10 20 155.0 10 31 30 o0 7.0 yes

11 57.0 1.0 40 1400 1920 00 0.0 148.0 00 04 20 o0 6.0 no

12 56.0 0.0 20 1400 2940 00 20 153.0 00 13 20 o0 30 no

13 56.0 1.0 30 1300 256.0 10 20 142.0 10 0.6 20 10 6.0 yes

14 440 1.0 20 1200 2630 00 0.0 173.0 00 0.0 1.0 o0 7.0 no

15 520 1.0 30 1720 199.0 10 0.0 162.0 00 05 1.0 o0 7.0 no

16 57.0 1.0 30 150.0 168.0 00 0.0 174.0 00 16 1.0 o0 30 no

17 480 1.0 20 1100 2290 00 0.0 168.0 00 1.0 30 o0 7.0 yes

18 54.0 1.0 40 1400 2390 00 0.0 160.0 00 12 1.0 o0 30 no

19 480 0.0 30 1300 2750 00 0.0 139.0 00 02 1.0 o0 30 no

20 490 1.0 20 1300 266.0 00 0.0 171.0 00 0.6 1.0 o0 30 no

21 64.0 1.0 10 1100 2110 00 20 144.0 10 18 20 o0 30 no

22 580 0.0 10 150.0 2830 10 20 162.0 00 1.0 1.0 o0 30 no -

23 BBO 1.0 20 1200 2840 00 20 160.0 00 1.8 2.0 00 30 yes ¥

ELS I

Addinstance Undo OK Cancel

Figure 5.5: Viewer in weka
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Figure 5.6: Randomly chosen attributes for removal
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Figure 5.7: Classification with naive bayes
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Figure 5.8: Classification with random forest

5.2.2 Proposed approach of selecting features

For feature selection two different algorithms are used@oking and evaluation and
manually both the results are consolidated to derive thér@salts.As a result features
are filtered out on basis of weight assigrzgg][. In this section we will explain how

features are selected by implementing algorithms.

5.2.2.1 Score

Here we used gain rati8()] algorithm for calculating score of each feature.As we know
for choosing an attribute this algorithm considers numiner size of branch .It is im-
proved version of info gain algorithm as it is not influencedvards a multi valued
attribute .Gain ratio applies normalization by using spiformation value. The split
information value is information generated by dividingnrag data A into k partitions,
corresponding to k outcomes on attribute X.

- <A Al
Splitinfox(A) = — ) x| — 51
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Gain Ratio of attribute is gain divided by split info of aliute. Here to implement gain
ratio Java machine learning library is used.In this libray are given with gain ratio
algorithm which is implemented by a wrapper method showrgiaré5.9

Here score of each attribute is calculated which is showabie6.4

Table 5.4: Score

Sno. | Attribute name Score

1 Age 0.0274962499058939
2 Sex 0.063297055456306
3 Cp 0.118028619017533
4 Trestbps 0.013277340893623%
5 Chol 0.0154015946305047
6 Fbs 0.00075790953402917
7 restEcg 0.022193807175996%
8 Thalach 0.0494500027934771
9 exang 0.152639384089965
10 oldpeak 0.0743596413697911
11 slope 0.086879961531789
12 ca 0.116583963111329
13 thal 0.165872829980505

Here different attributes have different score computddgugain ratio algorithm as
shown in tables.4. Attribute with higher score will have high preference.A®w&n in
table5.4 exang have higher value and fbs (fasting blood sugar) hast \@lue.

import net.sf.javaml.core.Dataset;

import net.sf.javaml.featureselection.scoring.GainRatio;
import net.sf.javaml.tools.data.ARFFHandler;

import net.sf.javaml.tools.data.FileHandler;

public class score {
. o
* Shows the basic steps to create use a feature scoring algorithm.

Thomas, Abeel

public static void main(String[] args) throws Exception {
/* Load the iris data set */
//Dataset data = FileHandler.loadDataset(new File("C:/Users/DELL/workspace/kanika_eclipse/nww/heartdisease.arff"), 1);
Dataset data = ARFFHandler.loadARFF(new File("C:/Users/DELL/workspace/kanika_eclipse/nww/heartdisease.arff"),13);
System.out.println("entered");
GainRatio ga = new GainRatio();
/* Apply the algorithm to the data set */
ga.build(data);
/* Print out the score of each attribute */
for (int 1 = @; 1 < ga.noAttributes(); i++)
System.out.println(ga.score{i));

Figure 5.9: Score calculation
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5.2.2.2 Rank

After computing score of features now we will compute rankfedtures individu-

ally.Wrapper method of computing rank is shown in figbr&QHere to implement rank
of features we will use Support vector machine recursivéufeaelimination(SVM-

RFE) algorithm is used.With each feature a rank is assatete attribute with mini-
mum rank is most preferable while attribute with rank is teasferable.

SVM-RFE is a efficient approach of selecting features .SVRERanks features ac-
cording to weight assigned by linear SVM. Here linear SVMpsgléed to dataset and
percentage of worst ranked attributes are eliminated andisvrained again with re-
maining attributes. This process is repeated until we dtenigh only one attribute.

Attribute retained till last is lowest ranked attribute #sibute with lowest rank is bet-
ter then high rank attributes and attribute eliminated fsshighest ranked attribute.
Similarly rank is assigned to all attributes.

Here different attributes will have different rank compitesing svm-rfe algorithm as
shown in tableb.5.Attributes with minimum rank will have high preference amdxi-
mum value attribute have least preference.As shown in &ablkge has minimum rank
while oldpeak have maximum rank.

Table 5.5: Rank

Sno. | Attribute name| Rank
1 Age 1
2 Sex 2
3 Cp 3
4 Trestbps 4
5 Chol 6
6 Fbs 8
7 restEcg 10
8 Thalach 11
9 exang 9
10 oldpeak 13
11 slope 12
12 ca 7
13 thal 5

After computing rank and score of each features using senaunfl gain ratio respec-
tively ,now result of both the algorithms are consolidateccdmpute final weight of
each feature .This is done as follows :
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* We will compute weight of each attribute using formula whis given as below:

scorey
ranka + 1
where A is attribute of available dataset and score(A) isescorresponding to
attribute A and rank(A) is rank corresponding to attribute A

WeightA) = ( ) 1000 (5.2)

» Here we will substitute value of rank and score of each featlihis will give
weight of each feature.

* In this way we will choose subset of feature on basis of weggisigned to them

public class rank {
* Shows the basic steps to create use a feature ranking algorithm.

* {@author Thomas Abeel

by
public static void main(String[] args) throws Exception

{
/* Load the iris data set */
/Dataset data = FileHandler.loadDataset(new File("dgvtools/data/iris.data™), 4, ",");

Dataset data = ARFFHandler.loadARFF(new Flle( C: /User‘s;"DELLK\workspacE/"kanlka echpse:"n\m’fheartdlsease arff"));

/* Create a feature ranking algorithm */

RecursiveFeatureEliminationsVM svmrfe = new RecursiveFeatureEliminationsSwM(@.2);

/* Apply the algorithm to the data set */

system.out.println{"inside™);

svmrfe.build(data);

/* Print out the rank of each attribute */

for (int i = 8; 1 < svmrfe.noAttributes(); i++)

System.out.println(svmrfe.rank(i));
}
Figure 5.10: Rank calculation

A B & D E
1 |attributes rank score score f(rank +1) Weight*1000
2 |'age'real 1 0.02749625 0.013748125 13.74812495
3 | 'sex'real 2 0.063297055 0.021099018 21.09301849
4 | 'cp'real 3 0.118028619 0.029507155 29.50715475
5 | 'trestbps’ 4 0.013277341 0.002655468 2.655468179
6 | 'chol'real 6 0.015401595 0.002200228 2.200227804
7 | 'fbs'real 8 7.58E-04 8.42122E-05 0.08421217
8 | 'restecg'r 10 0.022193807 0.002017619 2.017618834
9 | 'thalach'r 11 0.045450003 0.004120834 4.120833566
10 | 'exang're 9 0.152639384 0.015263938 15.26393841
11 | 'oldpeak’ 13 0.074359641 0.005311403 5.311402955
12 | 'slope're; 12 0.086879962 0.006683074 6.683073964
13  'ca'real 7 0.116583963 0.014572995 14.57299539
14 |thal'real 5 0.16587283 0.027645472 27.64547166
15
16

Figure 5.11: Result

From figure5.1lwe can arrange feature according to weight and use them torper
classification

As shown in figure$.13and5.12accuracy obtained in said figures is better then accu-
racy obtained in previous approach .
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Figure 5.12: Naive Bayes

As shown in figures.11we have listed all features and along with each feature rank
and score are listed .Using rank and feature of each feateiightvis computed using
equations.2as shown in figur&.11

Features selected by proposed approach is listed in flgpdre. Feature which are in-
cluded are listed below

* Age

* Sex

. Cp

« thalach
* exang

* old peak
* slope

e ca

* thal
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Figure 5.13: Random Forest
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Figure 5.14: Snapshot of selected features
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Chapter 6

Evaluation

Here in this section we will discuss metrics to evaluategrentince of different classi-
fiers.In other words evaluation metric is tool which is usedieasure the performance
of different classifiers.

Different criteria are available for evaluation :

» Speed : One of the important criteria is measuring speeeMaluation by calcu-
lating total computational cost consumed in generatinguesmalg the model.

* Robustness : This criteria is to check ability of makingreot predictions even
after presence of missing values and noise.

 Predictive accuracy : Other criteria is to check how welld@loclassifies never
seen instances.

» Scalability :This criteria is related to ability to gentranodel for large set of data
as a input.

Further evaluation parameterS] [used in this work for evaluating classifiers are as
follows :

6.1 Confusion matrix

One of the common and important metric is confusion matgxtAe name suggest
confusion matrix is matrix of n x n where n is total number aisdes of a target vari-
able.Also this is matrix between actual classes to predidtesses. Here row represents
predicted classes while column represents actual classes.

Confusion matrixB1] is shown in tables.1 and terms related to confusion matrix are

* tp, tn: These terms represents positive instances thabarectly classified too
respectively.
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e fp ,in . These terms are related to positive and negativiaices that are are

misclassified.

Table 6.1: Confusion matrix

Actual Yes | Actual No
Predicted | true posi-| false posi-
Yes tive tive
Predicted | false nega{ true nega-
No tive tive

Using6.1we can derive number of other evaluation metrics listed baws :

1. Accuracy : This is computed by dividing correctly clagsifinstances to total
instances.This is given as :

tp+tn
tp+ fp+tn+fn

Accuracy= (6.1)

2. Errorrate : This is another metric of evaluation which pomes misclassification
which is ration of misclassified to total number of instantéss is given as :

B fp+fn
Ctp+fp+tndfn

(6.2)

3. Specificity : This metric is used to measure true negaéteIin other words it is
also known as true negative rate. This is expressed as :

Specificity= (6.3)

fp+tn

4. Sensitivity : This metric is used to measure true positte. This is expressed as

tp

Sensitivity= bt fn

(6.4)
5. Precision : Thisis used to compute the true instancegdabrtomber of instances
of positive class .This is expressed as :

tp
fp+tp

Precision= (6.5)

6. Recall: Thisis given as ratio of true positive instancastal number of correctly
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classified instances.This is expressed as :

tp (6.6)

Recall=
tn+tp

7. F-Measure : This is harmonic mean of recall and precisibichvis expressed as

_ 2%pxn
~ p+n

F-M (6.7)

Two classifiers are used in our research work including NBages and Random for-
est.Here confusion matrix obtained for naive bayes andamnfbrest for proposed
methodology are shown in table ... and ... respectively.

Table 6.2: Confusion matrix of naive bayes

Actual Yes | Actual No
Predicted | 140 27
Yes
Predicted | 39 189
No

Table 6.3: Confusion matrix of random forest

Actual Yes | Actual No
Predicted | 155 15
Yes
Predicted | 24 201
No

Values of all above metrics for classifier naive bayes andoanforest are given in
table

Table 6.4: Resultant

Sno. Metric Random Naive

Forest bayes
1 Accuracy | 0.901 0.832
2 Error Rate | 0.098 0.167
3 Specificity | 0.9305 0.876
4 Sensitivity | 0.8659 0.782
5 Precision | 0.911 0.838
6 Recall 0.435 0.425
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6.2 Area Under ROC Curve

ROC stands for Receiver Operating Characteristics .Rooesob the approach to vi-
sualize performance of a classifier .This is 2 dimensionaplyrwhich is generated
between false positive and true positive rate.

1. True Positive Rate :This is given by positives correciigsified to total positives.

2. False Positive Rate: This is given by negatives incdgretassified to total neg-
atives.

More the curve towards (0,1) coordinate of ROC space bettdra model.Also (0,1)
point of ROC space is known as perfect classification

Roc curve of naive bayes and random forest methods usedsip#per is shown in
6.1

|| Model Performance Chart i = | B
i):: False Positive Rate (Mum) - H".True Positive Rate (Num)
| Colour: Threshold (Mum) = || Select Instance
Reset [ Clear ][ Cpen “ Save ] Jitter “

Plot:heartdisease

% MaiveBayes{dass: yes)

+ RandomForest{class: yes)

T
1] 05

Class colour

r
0000072 0% 1

Figure 6.1: Roc curve
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6.2.1 Area under curve

One of the metric used to measure quality of classificatiodehs Area under ROC
[32] curve(AUC).A classifier is said to be perfect if it has AUCuads to 1 while a
random classifier has area 0.5. AUC for naive bayes is 0.8889a@ random forest
is 0.9621 which means cases chosen randomly from group angjett value equal to
yes has larger score as compared to cases chosen from githuaive equal to NO in
88% of the time for naive bayes and 96% for Random forest.

6.3 Cross Validation

One of the approach of evaluating the performance of class#iby training model
with given set and then testing classifier by never seen iipigtis done by process of
cross validation .Requirement of cross validation is tac&hbe stability of model .As
in some cases better predictions as a result may be the oatebover-fitting which
may behave differently for different inputs or never segiuis.So to avoid problem of
over-fitting cross validation is used .This is done by resgrgome instance which are
not used for training and then later used that instance#bing.

This is done as follows :

1. Reserve few of instances for testing

2. Use remaining dataset for training a model

3. Use reserved dataset for testing . This will know actudigpemance of model
Cross validation can be applied in number of ways as follows :

1. Holdout method : In this approach dataset is divided wimdet ,One is training
dataset and other is testing dataset.Using training dedsection is fitted and
that function is used to predict output of target variabterfrtesting dataset.This
approach is totally dependent on data instances choseraiioing.

2. K-Fold Cross Validation :This method is improvement ofchout method .Here
dataset is divided into k sets and hold out process is regpéartds times.In each
iteration one of the k set is used for testing and remainirdgdets are used for
training.This process is repeated k times.So that evetgnes is once used for
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testing.

K g
ErrorRate= Z\E (6.8)
i=

3. Leave One Out Cross Validation : This method is also knar@OCV method. This
is special case of K-fold Cross Validation.As the name sagmethis approach
we use one instance for testing and remaining data set aldarsieaining .This
process is repeated for each instance. Benefit of using #iéset is that this
approach is tested for every single instance of availabtaséaBut issue re-
lated to this approach is that for larger number of instarnicesll take larger
time.Therefore this result in higher execution time. Harererate of n instances
is given as :

28
ErrorRate= Z\N (6.9)
i=

Here in our work k fold cross validation is used for evaluatidere k varies to compute
accuracy with different sets .Random Forest and Naive Baysisown in below table
6.5

Table 6.5: Cross Validation

Sno. Value of kK | Random Naive
Forest bayes

1 14 90.6329 83.038

2 10 90.1266 83.2911

3 6 87.5949 83.038

4 2 83.5443 81.519
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Chapter 7

Conclusion

The main motive of this research is to classify the data indlasses either in positive
or in negative result for heart disease.

In this a hybrid approach is used for selecting subset ofifeatfrom available set.Algorithms
used for this research are:

1. SVM-RFE and gain ratio for feature selection by computengk and score.

2. Naive Bayes and random forest are used for training maoutktizen testing for
unseen data.

A hybrid approach of feature selection is adopted to operttie classification problem
,consolidated results of SVM-RFE and Gain-ratio are usepttsubset of features and
remove irrelevant or redundant feature.

On subset of features naive bayes and random forest areedpplclassify them into

presence or absence of disease.lt has been shown in rdgtltacturacy improved
for both classifiers when applied to selected features. d¥exb approach of feature
selection not only reduced size of dataset but also enhaheegerformance of both
the classifiers models.

As this work is limited to binary class problems .In other d®proposed methodology
is bounded for binary class problem like in this work targatable is classified into ei-
ther presence or absence.We can further categorize peesbdisease with the amount
of blockage of heart and predict time to recover from disetegEending on degree of
blockage.

Also an interactive system can be designed which can furémeinds patient or medical
professionals for their pending process of diagnosis .
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