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Abstract— The more experience must be required for 

diagnosing the heart disease and it is a complex task. The Heart 

MRI, ECG and Stress Test etc are the numbers of medical tests 

are prescribed by the doctor for examining the heart disease and 

it is the way of tradition in the prediction of heart disease. Today 

world, the hidden information of the huge amount of health care 

data is contained by the health care industry. The effective 

decisions are made by means of this hidden information. For 

appropriate results, the advanced data mining techniques with 

the information which is based on the computer are used. 

Classification is a classic data mining task, with roots in machine 

learning. The classification techniques like Support Vector 

Machines (SVM), Naive Bayesian Theorem, Classification tree 

and Neural Network are used in this paper to know the 

classification accuracy of the techniques in the prediction of the 

heart disease. Feature selection methods involve generation of 

the subset, evaluation of each subset, criteria for stopping the 

search and validation procedures. The characteristics of the 

search method used are important with respect to the time 

efficiency of the feature selection methods. The following 

attribute filtering techniques CFS, PCA, Information gain. In 

this paper, we can predict that which classification algorithm 

can be used to predict the heart disease in earlier stage as well as 

the attribute filtering techniques which will be suit before the 

classification to reduce the dataset size and most important 

attributes can be selected for predicting.  From this paper, we 

can predict that the artificial neural network and PCA filtering 

method will be best for predicting the heart disease using the 

dataset. 

Keywords—ANN, SVM, CFS, PCA. 

I.  INTRODUCTION  

In the past 10 years Heart disease becomes the major cause 
for death all around the globe (World Health Organization 
2007) [1]. To help the professionals of health care, the several 
data mining techniques are used by the researchers in the 
findings of heart disease. The European Public Health 
Alliance stated that heart attacks, strokes and other circulatory 
diseases is accounted as 41% of all deaths (European Public 
Health Alliance 2010) [2]. The one fifth lives of the Asian are 
lost due to the non communicable disease such as chronic 
respiratory diseases, cardiovascular diseases and cancer etc 
and this is descripted in the ESCAP (Economical and Social 
Communication of Asia and Pacific 2010) [2]. ABS (The 
Australian Bureau of Statistics) described that circulatory 
system diseases and heart diseases are the primary reason for 
death in Australia, causing 33.7% all deaths (Australian 

Bureau of Statistics 2010) [3]. The heart disease patients were 
motivated around the globe every year. In addition to the 
availability of large amount of patients’ data from which to 
extort useful knowledge, in the diagnosis of heart disease, for 
facilitating the professionals of health care, the data mining 
techniques have been used by the researchers [4]. Nowadays, 
data mining is the exploration of large datasets to extort 
hidden and formerly unknown patterns, relationships and 
knowledge that are complicated to detect with conventional 
statistical methods. In the emerging field of healthcare data 
mining plays a major role to extract the details for the deeper 
understanding of the medical data in the providing of 
prognosis [5]. Due to the development of modern technology, 
data mining applications in healthcare consist about the 
analysis of health care centres for enhancement of health 
policy-making and prevention of hospital errors, early 
detection, prevention of diseases and preventable hospital 
deaths, more value for money and cost savings, and detection 
of fraudulent insurance claims. 

The characteristic selection has been an energetic and 

productive in the field of research area through pattern 

recognition, machine learning, statistics and data mining 

communities. The main intention of attribute selection is to 

choose a subset of input variables by eradicating features, 

which are irrelevant or of non prognostic information. 

Feature selection [6] has proven in both theory and practice to 

be valuable in ornamental learning efficiency, escalating 

analytical accuracy and reducing complexity of well-read 

results. Feature selection in administered learning has a chief 

objective in finding a feature subset that fabricates higher 

classification accuracy. The number of feature N increases 

because the expansions of the domain dimensionality. Among 

that finding an optimal feature subset is intractable and 

exertions associated feature selections have been 

demonstrated to be NP-hard. At this point, it is crucial to 

depict the traditional feature selection process, which consists 

of four basic steps, namely, validation of the subset, stopping 

criterion, evaluation of subset and subset generation. Subset 

generation is a investigation process that generates the 

candidate feature subsets for assessment based on a certain 

search strategy. Depends on the certain assessment, the 

comparison with the best prior one and each candidate subset 

is evaluated. If the new subset revolves to be better, it 

reinstates best one. Whenever the stopping condition is 

fulfilled until the process is repeated. There are large number 
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of features that can exceed the number of data themselves 

often exemplifies the data used in ML [7]. This kind of 

problem is known as "the curse of dimensionality" generates 

a challenge for a mixture of ML applications for decision 

support. This can amplify the risk of taking into account 

correlated or redundant attributes which can lead to lower 

classification accuracy. As a result, the process of eliminating 

irrelevant features is a crucial phase for designing the 

decision support systems with high accuracy. 

 In this technical world, data mining is the only 

consistent source accessible to unravel the intricacy of 

congregated data. Meanwhile, the two categories of data 

mining tasks can be generally categorized such as descriptive 

and predictive. Descriptive mining tasks illustrate the 

common attributes of the data in the database. Predictive 

mining tasks execute implication on the present data in order 

to formulate the predictions. Data available for mining is raw 

data. The data collects from different source, therefore the 

format may be different. Moreover, it may consist of noisy 

data, irrelevant attributes, missing data etc. Discretization – 

Once the data mining algorithm cannot cope with continuous 

attributes, discretization [8] needs to be employed. However, 

this step consists of transforming a continuous attribute into 

an unconditional attribute, taking only a small number of 

isolated values. Frequently, Discretization often improves the 

comprehensibility of the discovered knowledge. Attribute 

Selection – not all attributes are relevant and so for selecting 

a subset of attributes relevant for mining, among all original 

attributes, attribute selection [9] is mandatory. 
 

II. CLASSIFICATION TECHNIQUES 

The most commonly used data mining technique is the 

classification that occupies a set of pre-classified patterns to 

develop a model that can categorize the population of records 

at large. The learning and classification is involved by the 

process called the data classification. By the classification 

algorithm, the training data are analyzed in the learning [4] 

[10]. The approximation of the classification rules, the test 

data are used in the classification. To the new data tuples, the 

rules can be applied when the accuracy is acceptable. To 

verify the set of parameters which is needed for the proper 

discrimination, the pre-classified examples are used in the 

classifier-training algorithm. The model which is called as a 

classifier, only after these parameters encoded by the 

algorithm. The classification tasks are explained in 

subsequent methods as Artificial neural network, Naive 

Bayesian classification algorithm classification techniques 

are deployed in this paper. 

 

A. Support Vector Machine 

For the classification and regression, the diagnosis of the 

medical data uses the set of related supervised learning 

method is called as the SVM (Support Vector Machine) [11]. 

SVM can be used for pattern classification and nonlinear 

regression. Support Vector Machines (SVM's) are a relatively 

new learning method used for binary classification. The 

geometric margin maximization and minimizes the empirical 

classification error is done simultaneously in SVM. SVM is 

called Maximum Margin Classifiers and it can be efficiently 

perform non-linear classification using kernel trick. Using of 

the RBF (Radial Basis Function) kernel of SVM is like the 

classifier, the higher dimensional data can be analysed by 

RBF kernel function. RBF kernel function [12] is used 

because RBF kernel nonlinearly maps samples into a higher 

dimensional space and also it has less numerical difficulties. 

The values fed to the SVM classifier are normalized initially 

to improve the accuracy. Test data sets were used to assess 

the performance of the SVM model. Validation using the test 

data sets avoid potential bias of the performance, estimate 

due to over-fitting of the model to training data sets. For 

classification, RBF kernel with the SVM classifier is used. 

An automated classifier for the discrimination between the 

person with heart disease and without heart disease has been 

developed using supervised learning algorithm named SVM. 

The support vector machine can provide good generalization 

performance on pattern classification problem. It is 

considered a good classifier because of its high generalization 

performance without the need to add a priori knowledge. The 

aim of SVM is to find the best classification function to 

distinguish between members of the two classes in the 

training data. 

 

B. Classification Tree 

The decision tree is also known as the classification tree 

[13]. In this research, the decision tree type used as gain ratio 

decision tree. The gain ratio decision tree is based on the 

entropy (information gain) approach, which opts for the 

dividing the aspects that minimize the value of entropy, thus 

maximizing the information gain. The information gain is the 

difference between the original information content and the 

amount of information required. The features are categorized 

by the information gains, and then the top ranked features are 

chosen as the probable attributes used in the classifier. In 

order to classify the splitting attribute of the decision tree, 

one must determine the information gain for each attribute 

and then select the attribute that maximizes the information 

gain [14]. The information gain for each attribute is 

calculated using the following formula: 

E =  𝑃𝑖 𝑘
𝑖=1 log2 𝑃𝑖 

Where k is the number of classes of the target attributes Pi is 

the number of occurrences of class i divided by the total 

number of instances (i.e. the probability of i occurring). To 

minimize the effect of bias resulting from the use of 

information gain, a variant known as gain ratio was 

introduced by the Australian academic Ross Quinlan. The 

information gain measure is inclined towards the tests with 

many outcomes. The attributes with the large number of 

values is selected and it is preferred in this information gain 

ratio. Gain Ratio amends the information gain for each 

attribute to allocate for the breadth and uniformity of the 

attribute values. 

Gain ratio= Information gain / Split Information 

 

C. Naive Bayesian Classification Algorithm 

The Bayesian Classification signifies a supervised 

learning method and also as a statistical method for 

classification [15]. In which it assumes a fundamental 
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probabilistic model and it allocates us to incarcerate 

uncertainty about the model in a ethical way by determining 

probabilities of the results. And also it can unravel diagnostic 

and predictive problems. The Bayesian theorem as follows: 

Given training data Y, posterior probability of a hypothes32is 

I, R(I|Y), follows the Bayes theorem 

R(I|Y)=R(Y|I)R(I)/R(Y). 

Algorithm: 

The Naive Bayes algorithm is based on Bayesian theorem as 

given by above equation. 

Step 1: Each data sample is represented by an n dimensional 

feature vector, S = (s1, s2….. sm), depicting n measurements 

made on the sample from n attributes, respectively S1, S2, 

Sn.  

Step 2: Suppose that there are m classes, T1, T2……Tk. 

Given an unknown data sample, Y (i.e., having no class 

label), the classifier will predict that Y belongs to the class 

having the highest posterior probability, conditioned if and 

only if:  

R(Tj/Y)>R(Tl/Y) for all 1< = l< = k and l!= j  

R(Tj|Y) is maximized then. R(Tj|Y) is maximized for the 

class Tj is called the maximum posterior hypothesis. By 

Bayes theorem,  

Step 3: Only R(Y|Tl)R(Tj) need be maximized when R(Y) is 

constant for all classes. It is assumed that the classes are 

equally likely when the class prior probabilities are not 

known, i.e. R(T1) = R(T2) = …..= R(Tk), and consequently 

we would maximize R(Y|Tj). or else, we maximize 

R(Y|Tj)R(Tj). Note that the class prior probabilities may be 

estimated by R(Tj) = aj/a , where Aj is the number of training 

samples of class Tj, and a is the total number of training 

samples on Y. That is, the naive probability assigns an 

unknown sample Y to the class Tj. 

D. Artificial Neural Network 

Moreover, the realistic provisional terms in neural 

networks are non-linear statistical data modelling tools. For 

discovering the patterns or modelling the complex 

relationships between inputs and outputs the neural network 

can be used. The process of collecting information from 

datasets is the data warehousing firms also known as data 

mining by using neural network tool [15]. The more informed 

decisions are made by users that helping data of the cross-

fertilization and there is distinction between these data 

warehouse and ordinary databases and there is an authentic 

manipulation. 

 

 

 
 

Figure 1: Example Artificial Neural Network 

 

Among the algorithms the most popular neural network 

algorithms are Hopfield, Multilayer perception, counter 

propagation networks, radial basis function and self 

organizing maps etc. In which, the feed forward neural 

network was the first and simplest type of artificial neural 

network consists of 3 units input layer, hidden layer and 

output layer. There are no cycles or loops in this network. A 

neural network [20] has to be configured to fabricate the 

required set of outputs. Basically there are three learning 

conditions for neural network. 1) Supervised Learning, 2) 

Unsupervised Learning, 3) Reinforcement learning the 

perception is the basic unit of an artificial neural network 

used for classification where patterns are linearly separable. 

The basic model of neuron used in perception is the 

Mcculluchpitts model. The learning for artificial neural 

networks are as follows: 

Step 1: Ret D= {{Xi,Yi}/i=1, 2, 3----n}} be the set of training 

example. 

Step 2: Initialize the weight vector with random value,W (o). 

Step 3: Repeat. 

Step 4:For each training sample (Xi, Yi) ∈D. 

Step 5: Compute the predicted output Yi^ (k) 

Step 6: For each weight we does. 

Step 7: Update the weight we (k+1) = Wj(k) +(y i -yi^ (k))xij. 

Step 8: End for. 

Step 9: End for. 

Step 10: Until stopping criteria is met. 
 

III. ATTRIBUTE FILTERING TECHNIQUES 

In general, Feature subset selection is a pre-processing step 

used in machine learning [17]. It is valuable in reducing 

dimensionality and eradicates irrelevant data therefore it 

increases the learning accuracy. It refers to the problem of 

identifying those features that are useful in predicting class. 

Features can be discrete, continuous or nominal. On the 

whole, features are described in three types. 

1)Relevant 2) Irrelevant3) Redundant. Feature selection 

methods wrapper and embedded models. Moreover, Filter 

model rely on analyzing the general qualities of data and 

evaluating features and will not involve any learning 

algorithm, where as wrapper model uses après determined 

learning algorithm and use learning algorithms performance 

on the provided features in the evaluation step to identify 

relevant feature. The Embedded models integrate the feature 

selection as a part of the model training process. 

The collection of datas from medical sources is highly 

voluminous in nature. The various significant factors distress 

the success of data mining on medical data. If the data is 

irrelevant, redundant then knowledge discovery during 

training phase is more difficult. Figure 2 shows flow of FSS. 

 
Figure 2: Feature Subset Selection 
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A. Correlation based Feature Selection Method 

Redundancy of attributes in DWs is a main concern. When 

the attribute are derived from set of attributes or another 

attributes then that attribute can be redundant and the 

attribute also be the redundant ones when the attributes are 

strongly related by some other attributes. Using the 

correlation analysis, the detection of redundancy takes place 

[18]. Based on the data, how it is one attributes can be 

implied by other attribute is determined by such analysis 

when two attributes are given. By computing the correlation 

coefficient between two attributes X and Y, then we can 

access the correlation between them for given numerical 

attributes. 

Finally, as I conclude that when the class concept is 

relevant to the attribute/feature if it is good and another 

relevant feature is not redundant. The good feature is 

developed when it is highly correlated to the class not to any 

other features by implementing the goodness measure as the 

association between two variables. The attribute is relevant to 

the class are made when the correlation among the class and 

feature/attribute is high and it is does not attain the level 

when it is relevant to another feature. For the classification 

task, when the attribute is predicted by the other relevant 

feature/attributes. The correlation among the attributes and 

procedure for selecting the attributes which is based on the 

evaluation and this is necessitated in the problem of attribute 

selection. This problem is solved by the formula for classical 

linear correlation between two random variables or attributes. 

The linear correlation coefficient is given by the following 

formula: 

 

 

 
Where X and Y are the two features/attributes. 

B. Principle Component Analysis (PCA) Attribute Filtering 

Method 

The Principle component analysis (PCA) [19] is a stagnant 

technique used in many applications like face recognition, 

pattern recognition, image compression and data mining. 

Further PCA is used to shrink the dimensionality of the data 

consisting of a large no. of attributes. PCA can be generalized 

as multiple factor analysis and as correspondence analysis to 

handle heterogeneous sets of variables and quantitative 

variables respectively. The following are the main procedure 

for the principle component analysis (PCA). Scientifically 

PCA depends on SVD of rectangular matrices and Eigen 

decomposition of positive semi definite matrices. 

Step 1: Obtain the input matrix 

Step 2: Subtract the mean from the data set in all dimensions 

Step 3: Calculate covariance matrix of this mean subtracted 

data set. 

Step 4: Calculate the Eigen values and Eigen Vector from 

covariance matrix 

Step 5: Form a feature vector 

Step 6: Derive the new data set. 

C. Information Gain Attribute Filtering Method 

In this method, the discernibility function is used [20]. The 

discernibility function is given as follows: For an information 

system (I,H), s discernibility function DF is a boolean 

function of m Boolean variables e1,e2……..en corresponding 

to the attributes e1,e2..….en respectively, and defined as 

follows: DF(e1,e2….en)=S1 ᴧ S2 ᴧ…..Sm where ej€ S. The 

proposed algorithm for the information gain attribute subset 

evaluation is defined as below: 

Step 1:Compute discernibility matrix for the selected dataset.  

By using P[J,I]={ e € E, where X[J]≠X[I] and Y[J]≠Y[I]} 

J,I=1,2,….m Eq1 Where X are conditional attributes and Y is 

a decision attribute. This discernibility matrix P is symmetric. 

Where P[a,b]=P[b,a] and P[a,a]=0. Therefore, it is sufficient 

to consider only the lower triangle or the upper triangle of the 

matrix.  

Step 2:Compute the discernibiliy function for the 

discernibility matrix P[a,b] by using DF(a) = ᴧ {ᴧ P[a,b] / a,b 

€ I; P[a,b] ≠0} Eq2  

Step 3: Select the attribute, which belongs to the large 

number of conjunctive sets, numbering at least two, and 

apply the expansion law.  

Step 4: Repeat steps 1 to 3 until the expansion law cannot be 

applied for each component. Step 5:Substitute all strongly 

equivalent classes for their corresponding attributes.  

Step 6:Calculate the Information gain for the simplified 

discernibility function contained attributes by using Gain(Gi) 

= F(Ri) - F(Gi) Eq.3 Where 

F(G)  = Rj log2 𝑅𝑗
𝑚
𝑗=1  -----  (4) 

 Rj log2 𝑅𝑗
𝑚
𝑗=1  = -

𝑟1

𝑟
log2

𝑟1

𝑟
−
𝑟2

𝑟
log2

𝑟2

𝑟
 …  

𝑟𝑚

𝑟
log2

𝑟𝑚

𝑟
---------

----- (5) 

Where Rj is the ratio of conditional attribute R in dataset. 

When Gi has | Gi | kinds of attribute values and condition 

attribute Rj partitions set R using attribute Gi, the value of 

information F(Gi) is defined as 

F(Gi) =  𝐾𝑖 ∗ 𝐹(𝐵i)𝐺𝑖
𝑖=1 -------- (6) 

Step 7: Choose the highest Gain value and add it to the 

reduction set, and remove the attribute from the discernibility 

function. Goto step 6 until the discernibility function reaches 

null set. 

IV. DATASET AND IMPLEMENTATION TOOL 

The data used in this study is the Hungarian institute of 

cardiology. The dataset contains 303 instances and 14 

attributes of the heart disease patient [21]. The general 

purpose machine learning and data mining tool is an Orange 

(http://orange.biolab.si). It features a multilayer architecture 

suitable for different kinds of users, from inexperienced data 

mining beginners to programmers who prefer to access the 

tool through its scripting interface. In the paper we outline the 

history of Orange's development and present its current state, 

achievements and the future challenges. The following are 

the dataset attributes. 
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S. No Attribute 

1 Age 

2 Gender 

3 Chest Pain 

4 Rest SBP 

5 Cholestrol 

6 Fasting Blood 

7 Rest ECG 

8 Maximum HR 

9 Exer Ind 

10 ST by exercise 

11 Slope peak exc ST 

12 Major vessels colored 

13 Thal 

14 Diameter Narrowing 

TABLE 1: THE HEART DISEASE DATASET 

V. EXPERIMENTAL RESULT 

In this experiment, we can examines the Classification 

accuracy (CA), Sensitivity (Sens), Specificity, Area under 

ROC Curve, Information Score (IS), F-Measure (F1), 

Precision (Prec), Recall, Brier Score and Matthews 

Correlation Coefficient. 

 

Methods 
CA Sens Spec AUC IS F1 Prec 

Reca

ll 
Brier MCC 

Classificati

on Tree 

0.752

3 

0.786

6 

0.712

2 

0.796

0 

0.491

7 

0.774

8 

0.763

3 

0.786

6 

0.427

0 

0.500

5 

SVM 
0.838

3 

0.853

7 

0.820

1 

0.905

1 

0.527

7 

0.851

1 

0.848

5 

0.853

7 

0.246

3 

0.674

2 

Naive 

Bayes 

0.828

5 

0.847

6 

0.805

8 

0.895

6 

0.608

5 

0.842

4 

0.837

3 

0.847

6 

0.277

0 

0.654

1 

Neural 

Network 

0.812

3 

0.756

4 

0.692

2 

0.785

0 

0.475

2 

0.758

0 

0.752

2 

0.778

8 

0.239

8 

0.483

6 

TABLE 2: THE EXPERIMENTAL RESULT OF HEART DISEASE 

DATASET FOR PREDICTED CLASS 0 

 

 

Methods 
CA Sens Spec AUC IS F1 Prec 

Reca

ll 
Brier MCC 

Classificati

on Tree 

0.752

3 

0.712

2 

0.786

6 

0.796

0 

0.491

7 

0.725

3 

0.738

8 

0.712

2 

0.427

0 

0.500

5 

SVM 
0.838

3 
0.820

1 
0.853

7 
0.905

1 
0.527

7 
0.823

1 
0.826

1 
0.820

1 
0.246

3 
0.674

2 

Naive 

Bayes 

0.828

5 

0.805

8 

0.847

6 

0.895

6 

0.608

5 

0.811

6 

0.817

5 

0.805

8 

0.277

0 

0.654

1 

Neural 

Network 

0.745

3 

0.705

8 

0.778

0 

0.783

9 

0.484

5 

0.717

8 

0.726

2 

0.701

4 

0.242

9 

0.474

0 

TABLE 3: THE EXPERIMENTAL RESULT OF HEART DISEASE 
DATASET FOR PREDICTED CLASS 1 

 

 0 1 Instances 

0 78.7% 21.3% 164 

1 28.8% 71.2% 139 

Instances 169 134 303 

TABLE 4: CONFUSION MATRIX FOR CLASSIFICATION TREE 

 

 0 1 Instances 

0 85.4% 14.6% 164 

1 20.9% 79.1% 139 

Instances 165 138 303 

TABLE 5: CONFUSION MATRIX FOR SVM 
 

 

 
 

 

 
 

 0 1 Instances 

0 84.8% 15.2% 164 

1 19.4% 80.6% 139 

Instances 166 137 303 

TABLE 6: CONFUSION MATRIX FOR NAIVE BAYES 

CLASSIFICATION 

 

 0 1 Instances 

0 87.8% 12.2% 164 

1 18.0% 82.0% 139 

Instances 173 130 303 

TABLE 7: CONFUSION MATRIX FOR NEURAL NETWORK 

 

1) Selected Attribute using Information gain: 3 (Chest 

pain), 7 (Rest ECG), 11 (Slope peak ex ST), 13 

(Thal), 2 (Gender), 6 (Fasting Blood sugar), 9 (exerc 

ind ang) 

2) Selected Attribute using CFS: 3 (Chest pain), 7 

(Rest ECG), 11 (Slope peak ex ST), 13 (Thal), 2 

(Gender), 6 (Fasting Blood sugar), 9 (exerc ind ang) 

3) Selected Attribute using PCA: 1 (Age), 3 (Chest 

pain), 4 (Rest SBP), 5 (Cholestrol), 7 (Rest ECG), 8 

(Max HR), 10 (ST by exercise), 12 (Major Vessels 

Colored). 
 

Feature Selection 

Method 

Number of 

Selected 
Attributes 

Total 

number of 
attributes 

Information Gain  7  14 

Correlation based 

Feature Selection 

6 14 

PCA 8 14 

TABLE 8: NUMBER OF SELECTED ATTRIBUTES FROM THE GIVEN 

NUMBER OF ATTRIBUTES USING ATTRIBUTE FILTERING 

METHOD 
 

VI. ANALYSIS OF THE RESULT 

From the above result of table 2 and 3, we can conclude that 

the classification accuracy (AC), Sensitivity, Specificity, 

Area under ROC curve, Information score, F-Measure, 

Precision, Recall, Brier score and Matthews Correlation 

Coefficient (MCC) are less in the Artificial neural network 

(ANN) than SVM, classification tree and Naive Bayes 

classification method. The table 4,5,6 and 7 shows that the 

confusion matrix of proportions of true percentage for ANN, 

SVM, Naive Bayes classification and classification tree. The 

correctly classified percentage of neural network is greater 

than the others. The correctly classified instances percentage 

are 87.8% for class 0 and 82.0% for class 1, whereas the 

percentage of misclassified instances also least for neural 

network when it is compared with others. The percentage for 

misclassified instances of neural network is 12.2% and 

18.0%. From the above results we can conclude that the 

neural network will be suitable for the classification task for 

given heart disease dataset.  From the above result of feature 

selection, 7 attributes are filtered using information gain 

attribute filtering method, 8 attributes are selected using PCA 

and only 6 attributes are filtered in CFS out of 14 attributes. 

From this result, we can conclude that, Correlation based 

Feature Selected (CFS) method is best to predict the heart 

disease for the given data set than PCA and Information gain 

attribute filtering. 
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VII. CONCLUSION 

In this paper, we have done a comparative study of the 

classification techniques and attribute filtering techniques 

(Feature selection techniques) for predicting the heart disease 

by using given dataset. The model for predicting in the data 

mining is always referred as the classification techniques. In 

this paper, the classification tree, Support Vector Machine 

(SVM), Artificial Neural Networks and Naive Bayesian 

classification are examined and the experimental shows that 

the artificial neural network is best to predict the heart disease 

in terms of classification accuracy, sensitivity, specificity, 

area under ROC curve, precision, recall, brier score, 

information score, MCC. Feature selection technique is used 

to reduce the execution by selecting the important attributes 

in terms of some conditions. The attribute filtering methods 

like PCA (Personal Component Analysis), CFS (Correlation 

based Feature Selection) and information gain attribute 

filtering. From these methods, CFS produces least number of 

instances than the PCA and information gain attribute 

filtering.  
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