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Abstract: In today’s modern world, the world population is
affected with somekind of heart diseases. With the vast knowledge
and advancement in applications, the analysis and the
identification of the heart disease still remain as a challenging
issue. Due to the lack of awareness in the availability of patient
symptoms, the prediction of heart disease is a questionable task.
The World Health Organization has released that 33% of
population were died due to the attack of heart diseases. With this
background, we have used Heart Disease Prediction dataset
extracted from UCI Machine Learning Repository for analyzing
and the prediction of heart disease by integrating the ensembling
methods. The prediction of heart disease classes are achieved in
four ways. Firstly, The important features are extracted for the
various ensembling methods like Extra Trees Regressor, Ada
boost regressor, Gradient booster regress, Random forest
regressor and Ada boost classifier. Secondly, the highly
importance features of each of the ensembling methods s filtered
from the dataset and it is fitted to logistic regression classifier to
analyze the performance. Thirdly, the same extracted important
features of each of the ensembling methods are subjected to
feature scaling and then fitted with logistic regression to analyze
the performance. Fourth, the Performance analysis is done with
the performance metric such as Mean Squared error (MSE),
Mean Absoluteerror (MAE), R2 Score, Explained Variance Score
(EVS) and Mean Squared Log Error (MSLE). The
implementation is done using python language under Spyder
platform with Anaconda Navigator. Experimental results shows
that before applying feature scaling, the feature importance
extracted from the Ada boost classifier isfound to be effective with
the M SE of 0.04, MAE of 0.07, R2 Score of 92%, EVS of 0.86 and
MSLE of 0.16 as compared to other ensembling methods.
Experimental results shows that after applying feature scaling,
the feature importance extracted from the Ada boost classifier is
found to be effective with the MSE of 0.09, MAE of 0.13, R2 Score
of 91%, EVS of 0.93 and MSLE of 0.18 as compared to other
ensembling methods.

Index Terms. Machine Learning, Classification, MAE, MSE,
MSLE, EVS and R2 Score.
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. INTRODUCTION

For enabling the patientsto treat in advance, the prediction
of particular disease is necessary. Generally the heart disease
is affected for the elderly people as per the survey. The heart
disease prediction may help the immobile chronicaly ill
patients to undergo the medical treatment in advance so as to
save their life. As the symptoms needed to identify the heart
disease is minimum, we are in need of predicting software to
identify the existence of the heart disease. The doctors are
unableto predict the disease by thelack of future symptoms of
the patients. This requires the use of machine learning
techniques for forecasting the future symptoms of the
patients.

The paper is organized in such a way that Section 2 deals
with the related works. Proposed work is discussed in Section
3 followed by the implementation and Performance Analysis
in Section 4. The paper is concluded with Section 5.

[I. RELATED WORK

A. Literature Review

The health care industry is now focusing on using the
appropriate technology in the prediction of health diseases.
Thediseaseslike Loco motor disorders and Heart diseases are
using the technology for the detection of existence of the
disease. This helps the doctors in diaghosing to forecast the
disease in advance [1]. Heart is the significant limb which is
equal to braininthe surviva of human body. Heart smacksthe
blood and move to all the organs of the body for functioning.
The prediction of heart disease still remains as a difficult task
inthemedical field. The patient’s medical data is stored in the
database and they are subjected to datamining techniqueslike
artificial neural Network, Decision tree, Fuzzy Logic,
K-Nearest Neighbor, Naive Bayes and Support Vector
Machine[2].

When the person is suffering from heart disease, the heart
will not be able to drive the desirable blood to other parts of
the body. The non invasive based machine learning
algorithms are used to diagnose the heart disease [3]. The
different constraints of the heart and the body can be used to
forecast the heart disease [4].

The analysis was done for the male patients for the heart
disease prediction using data mining techniques.
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They have used the three data mining techniqueslike Naive
Bayes, Artificial neural network, and J48 decision tree [5].

A overal technological review on various feature
selection, feature extraction methods, classification methods
and the performances parameters are examined for predicting
the wine quality [6]-[22].

I11. PROPOSED WORK

In our proposed work, machine learning algorithms are
used to predict the disease of Heart disease data set. Our
contribution in this paper is folded in two ways.

(i) Firstly, the important features are extracted for the
various ensembling methods like Extra Trees
Regressor, Ada Boost Regressor, Gradient Booster
Regressor, Random Forest Regressor and Ada Boost
Classifier.

(i) Secondly, the highly importance features of each of
the ensembling methods is filtered from the dataset
and it s fitted to logistic regression classifier to
analyze the performance.

(iii) Thirdly, the same extracted important features of
each of the ensembling methods are subjected to
feature scaling and then fitted with logistic
regression to analyze the performance.

(iv) Fourth, the Performance analysis is done with the
performance metric such as Mean Squared error
(MSE), Mean Absolute error (MAE), R2 Score,
Explained Variance Score (EV'S) and Mean Squared
Log Error (MSLE).

A. System Architecture

The overall design of this paper work is shown in Fig. 1

IV. IMPLEMENTATION AND PERFORMANCE
ANALYSIS

A. Heart Disease Prediction for Feature Extraction

The Heart Disease dataset extracted from UCL ML
Repository is used for implementation with 13 independent
attribute and 1 diagnosis dependent attribute. The dataset
consists of 779 individual’s data. The attribute are shown
below.

1. Age

2. Sex

3. Chest-pain type

4. Resting Blood Pressure

5. Serum Cholestrol

6. Fasting Blood Sugar

7. Resting ECG

8. Max heart rate

9. Angina

10. ST depression

11. Peak exercise ST segment

12. Number of major vessels

13. Tha

14. Diagnosis of heart disease - Dependent Attribute
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‘ Heart Disease Data Set ’

'

‘ Identifying dependent and independent attribute ’

'

‘ Importing the data set ’

'

‘ Segmenting Training and Test data set ’

v

‘ Applying to Ensembling methods ’

‘ Fitted to Logistic Regression ’

'

‘ Analysis of MSE, MAE, R2 Score, EVS and MSLE

'

‘ Feature Scaling of important Features ’

'

‘ Fitted to Logistic Regression ’

'

[ Analysis of MSE, MAE, R2 Score, EVS and MSLE ]

'

‘ Predict Heart Disease ’

Fig. 1 System Architecture (ABR - Ada Boost Regressor, RFR -
Random Forest Regressor, ETR - Extra Trees Regressor,
GBR - Gradient Booster Regressor and ABC-Ada Boost
Classifier).

The portrayal of the dependent attribute is shown in Fig. 2.

Chest Pain Fonmat Desnption
1 Typical Angina
2 Atypical Angina
3 Non- Anginal Pain
4 Asymptotic

Fig. 2. Chest Pain Type Distribution
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The expansion of the dataset attributes shownin Fig. 3.
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a0 Attributa Dascription
1. Aga Aga of the individual.
2. Sax Gendar of the indiidual
with tha following format:
1 =mala (| = famal=
3. Chest-paintype | Tvpe of chestpain a5 in
Tahla. 2.
4. Eastine EBlood | Easting blood pressure
Pressurs values in mmHg (unit)
3. Serum senm ghplastrol in me'dl
Chalsstee] (unit)
a. Fasting BElood | Fasting blood sugar walus
Sugar of an individual with
120mg/dl. K fasting bloed
sugar > 1 2mg'dl then : 1
(true) else : 0 (falsa)
1. Eastine ECGr 0 =normal
1 =having 8T-T wave
abnormality
2 =laft ventricular
hyvpertrophy
g. Wlax haartrata hlax Haart Eata
Q. Angina l=vesl=mno
10. 3T depression Value {integer or float).
11. Peak exarciza 8T | 1=1Jpslopine
segment 2=Flat
3= Dowmslopin
12. Mumber ofmajor | Values (0-3) colored by
vassels flonrosopy
13 | Thal displays the Thalassemia -
3 = Normal 6§ = Fixed
Defect 7 = Revsrsable
Dafact
14. Diagnosis of {=Abssnca
hezart diseasa 1.2,3.4 =Presant.

Fig. 3. Heart Disease Dataset Schema

B. Performance Analysis

The association among the parameters of the heart disease
dataset is shown as a histogram rel ationship notation in thefig
4. The variance between the each of the attributes of the heart
disease dataset is depicted as a correlation matrix and is
shown in fig 5. The distribution of the target variable of the
heart disease dataset is shown in fig 4. The important features
are extracted for the various ensembling methods like Extra

Trees Regressor, Ada Boost Regressor, Gradient Booster
Regress, Random Forest Regressor and Ada Boost Classifier.
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Fig. 5. Correlation Matrix of Heart Disease Data Set
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Fig. 6. Target Distribution of Heart Disease Data Set

The highly important attributes are extorted from the Ada
boost regressor and the relationship is shown asabar graphin
Fig. 6. and the values of each of the parameters is shown in
fig. 7.

trestbps
slope
thal
ca
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dhol
age
oldpeak
thalach
1]

000 002

Fig. 7 Feature Importance Distribution of Ada Boost Regressor
for Heart Disease Data Set
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The obtained feature importance of the Ada boost regressor
and Random forest regressor is shown in fig 8.

B2 AdaBoost_featureimportances - Seri BB RandomForestRegressor_feature_jmg

Index 0 Indesx 0
age @.8944392 age @8.138552
sex @.8278572 SEX 8.8156574
trestbps 9.8442271 trestbps 8.8738932
chol @.8883613 chol 8.181258
fbs ©.8117385 fbs 8.814783
restecg @.8251511 restecg 8.832417
thalach thalach 8.142988
exang exang @.8364828
oldpeak oldpeak 8.8713496
slope slope @.8553684
ca ca a.8445399
thal thal @.8592757

Fig. 8 FeatureImportance of Ada Boost Regressor and
Random Forest Regressor of Heart Disease Data Set
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The highly important attributes are extorted from the Random
Forest regressor and the rel ationship isdepicted asabar graph
andisshowninFig. 9.
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Fig. 9. Featurelmportance Distribution of Random Forest
Regressor for Heart Disease Data Set

The highly important attributes are extorted from the Extra
trees regressor and the relationship is depicted as a bar graph
and isshown in Fig. 10.
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Fig. 10. Feature Importance Distribution of Extra Trees
Regressor for Heart Disease Data Set
The highly important attributes are extorted from the Gradient
Boost regressor and the relationship is depicted asabar graph
andisshownin Fig. 11.
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Fig. 11. FeaturelImportance Distribution of Gradient Boost
Regressor for Heart Disease Data Set
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The obtained feature importance of the Extra trees regressor
and Gradient Boost regressor isshowninfig 12.

2 ExtraTreesRegressor feature_importa B GradientBoostingRegressor_feature_i

Index 0 Index 0
age 8.1e1785 age @.134747
sex 8.8293732 Sex @.8292887
cp @.161297 cp @.25179
trestbps B.867485 trestbps @.8257171
chol a.183886 chol @.8994452
fbs B.8284144 fhs @.eea40809
restecg 8.8486875 restecg @.8151547
thalach @.8982479 thalach @.138965
exang a.1e4p44 exang @.8295654
oldpeak 8.85953338 oldpeak @.8794767
slope 8.8638194 slope @.86935082
ca @.8527574 ca @8.8513864
thal B.8823787 thal @.8687443

Fig. 12. Featurelmportance of Extra Trees Regressor and
Gradient Boost Regressor of Heart Disease Data Set

The obtained feature importance of the Ada Boost Classifier
isshowninfig 13 and fig. 14.

222} AdaBoostClassifier_feature_importar
Index 0
age 8.17
sex 8.81
cp B.84
trestbps @.13
chol 8.18
fbs 8.81
restecg 8.e3
thalach 8.16
exang 8.83
oldpeak 8.15
slope 8.83
ca B.84
thal 8.82

Fig. 13. FeatureImportance of Ada Boost classifer of Heart
Disease Data Set

slope
exang
restecg
ca

=]
trestbps
oldpeak
thalach
age
dhol
0.000

0025 0050 0075 0100 0125 0150 0175

Fig. 14. Featurelmportance Distribution of Ada Boost Classifer
for Heart Disease Data Set
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The extracted important features of each of the ensembling
methods are subjected to feature scaling and then fitted with
logistic regression to analyze the performance of metrics like
Mean Squared error, Mean Absolute error, R2 Score,
Explained Variance Score and Mean Squared Log Error and
isshowninthe Table 1 -Table 2.

Table. 1 Analysis of R2, MAE and M SE metrics for various
Ensembling methods before Feature Scaling

Ensembling Methods Fitting to Logistic Regression
Before Feature Scaling

MSE MAE | R2 Score

AdaBoost Regressor 0.19 0.13 0.79

Random Forest 017 | 012 | o081

Regressor

Extra Trees Regressor 0.06 0.09 0.84

Gradient Boosting 0.08 011 078

Regressor

AdaBoost Classifier 0.04 0.07 0.92

Table. 2 Analysisof EVSand M SLE methods for various
Ensembling methods befor e Feature Scaling

Ensembling Methods Fitting to Logistic Regression
Before Feature Scaling
EVS MSLE

AdaBoost Regressor 0.84 0.32
Random Forest Regressor 0.79 0.27
Extra Trees Regressor 0.85 0.29
Gradient Boosting 0.78 0.24
Regressor

AdaBoost Classifier 0.86 0.16

The same extracted important features of each of the
ensembling methods are subjected to feature scaling and then
fitted with logistic regression to analyze the performance of
metrics like Mean Squared error, Mean Absolute error, R2
Score, Explained Variance Score and Mean Squared Log
Error and isshown inthe Table 3 -Table 4.

Table. 3 Analysis of R2, MAE and M SE metricsfor
various Ensembling methods after Feature Scaling

Ensembling Methods Fitting to Logistic Regression
after Feature Scaling

MSE MAE | R2 Score

AdaBoost Regressor 0.26 0.26 0.76

Random Forest 024 | 024 | 084

Regressor

Extra Trees Regressor 0.14 0.18 0.79

Gradient Boosting 019 0.20 081

Regressor

AdaBoost Classifier 0.09 0.13 0.91
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Table.4 Analysisof EVSand M SLE metricsfor various

Ensembling methods after Feature Scaling p 0.95 ¢ CPeiomTmumsaie o mARerfewesae o2
Ensembling Methods Fitting to Logistic 4 o4 - 087
Regression after B
Feature Scaling §9% ]
EVS MSLE T 08 ]
AdaBoost Regressor 0.86 0.27 5075
Random Forest Regressor 0.82 0.36 0.7
Extra Trees Regressor 0.87 0.47 ;:':E;"r Fendom ﬁ::::j g:::nr: e Benst
Gradient Boosti ng 0.81 0.49 Regrassor Regressor
Regressor Ensembling Methods
Ada Boost Classifier 0.93 0.18 Fig 18. EV Score VS Ensembling M ethods
The performance metrics analysis is depicted as a pictoria
representation and is shown in the fig. 15 —fig. 19. Before Feature Scaling o.48
0.3 - 026 B Before Feature Scaling 0.5 u After Feature Scaling =
b | 0.24 W After Feature Scaling B 04 | 036
i 0.25 0.15 & 032 s . 028
CER ERNER 024
:.E 0.15 % 0.2 l 015 18
g 01 - ‘E 01 - 1
0.05 - 2 0 L7 :
0 AdaBoost Random Extra Trees Gradient Ada Boost
AdaBoost Random Extra Trees Gradient AdaBoost Regressor Forest Regressor Boosting Classifier
Regressor Forest Regressor Boosting Classifier Regressor Regressor
Regressor Regressor Ensembling Methods
, Ensembling Methods Fig 19. MSLE VS Ensembling M ethods
Fig 15. M SE VS Ensembling M ethods
. V. CONCLUSION
0.3 - 026 M Before Feature Scaling
5 o005 | 0.24 ® After Feature Scaling This paper analyzes the method to predict the heart disease
a 018 0.2 of the heart dataset through the dimensionality reduction
3 027 thereby improving the accuracy prediction. An attempt is
'.g 0.15 1 made to implement the ensembling methods for the prediction
é 0.1 7 of the heart disease. The performance of all the ensembling
0.05 methods is compared before and after applying feature
0 Scaling. Experimental results shows that before applying
AdaBoost  Random  ExtraTrees  Gradient  AdaBoost feature scaling, the feature importance extracted fromthe Ada
R oy Tyl boost classifier isfound to be effective with the MSE of 0.04,
Ensembling Methods MAE of 0.07, R2 Score of 92%, I_EVS of 0.86 and M_SLE of
Fig 16. MAE VS Ensembling M ethods 0.16 as compared to other ense_:mblmg method_s. Experimental
results shows that after applying feature scaling, the feature
importance extracted from the Ada Boost Classifier isfound
1 " Belorefeaturescaling | rerfestureSclite o om 10 pe effective with the MSE of 0.09, MAE of 0.13, R2 Score
£ sl Emr o of 91%, EV'S of 0.93 and MSLE of 0.18 as compared to other
o] ensembling methods.
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