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1. INTRODUCTION

The World Health Organization (WHO) 1948 defined health as “a state of physical, mental and
social well-being and not merely disease or infirmity. The heart is the main organ of the cardiovascular
system (heart rhythm disorders) and one of the vital organs of the human body. In life, the heart is always
in good condition because it works to cope with the blood it carries throughout the body. Impaired heart
function can be fatal to human health, even heart problems can cause death. In previous studies, to detect
abnormalities or changes in the work of the heart, it is necessary to first know the pattern of the same
heart rate. [1].

Cardiovascular disease remains a major threat worldwide. Data from the Global Burden of
Cardiovascular Disease show that there were 271 million cases of cardiovascular disease in 1990 and
almost doubled to 523 million in 2019 [2]. In the last 70 years, cases of diseases with cardiovascular
disorders continue to occupy the highest rank. According to data from the World Health Organization,
about 33 percent of the causes of death worldwide are cardiovascular disease. An estimated 18.6 million
people die from cardiovascular disease, 75 percent of which are heart attacks and strokes. More than
three-quarters of deaths from cardiovascular disease occur in developing and low- and middle-income
countries.Cardiovascular disease can strike anyone, especially in the current situation. Increased air
pollution and unhealthy lifestyle trends increase the likelihood of developing cardiovascular disease [4].
In this case, early detection is the right step to reduce risk. An electrocardiogram (ECG) is a
biological signal that results from the electrical activity of the heart. This signal appears to trigger the
contraction of the heart muscle which will pump blood throughout the body. The ECG signal is a
representation of the level of a person's heart health which is described through the rhythm, shape, and
orientation of the ECG signal. [5].
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It is important to detect cardiovascular disease as early as possible for counseling and drug
management. One of the preventions is to perform early detection of Electro Cardiography (EKG) wave
analysis. Electrocardiograph (ECG) is a device used to capture and record changes in heart potential with
the help of cables attached to the patient's body at certain locations. The results of the ECG examination
are in the form of an image called an electrocardiogram [6].

In accordance with a previous study entitled The Use of Artificial Neural Networks on
Electrocardiogram Signals to Detect Supraventricular Arrhythmic Heart Disease. The ANN structure used
for the classification of the ECG signal is a Feed Forward Network (FFN), specifically the Multi-Layer
Perceptron (MLP) (Marius-Constantin et al. using 2 hidden layers used with the Tansig activation
function with Levenberg-Marquardt training function which produces a precision of 84.3% [7] And
research on ECG Signal Recognition Using Wavelet Packet Decomposition and K-Means-Clustering. The
ECG signal in this study is decomposed to level 5 using Daubechies 2 wavelet, then the energy of each
subband is calculated for the periodogram. As a classifier, the K-Means group is used which uses the
cityblock method to calculate the distance between data. From the 3 data classes tested, normal sinus rate
(NSR), congestive heart failure (CHF) and atrial fibrillation (FA) obtained a precision of 94.4%. [8]. So
that more accurate accuracy is needed in detecting ECG waves in classifying cardiovascular disease with
other methods. The author is interested in conducting a cardiovascular classification study with the title
"Classification of Electrocardiogram (ECG) Waves of Heart Disease Using the XGBoost Method". So
that more accurate accuracy is needed in detecting ECG waves in classifying cardiovascular disease with
other methods. The author is interested in conducting a cardiovascular classification study with the title
"Classification of Electrocardiogram (ECG) Waves of Heart Disease Using the XGBoost Method"”. So
that more accurate accuracy is needed in detecting ECG waves in classifying cardiovascular disease with
other methods. The author is interested in conducting a cardiovascular classification study with the title
"Classification of Electrocardiogram (ECG) Waves of Heart Disease Using the XGBoost Method".

2.METHOD
2.1 Types of Research

It is important to detect it as early as possible so that treatment advice can be offered
immediately. One of the prevention is through early detection of electrocardiographic wave (ECG). A
diagnostic tool in the form of an electrocardiogram (ECG) can record the human heart rate. Then, the
doctor analyzes the results of the heart rate to determine the patient's heart condition and problems. Heart
rate is shown in the form of a sinusoidal curve. The ECG curve consists of P, Q, R, S, and T curves. The
P curve represents atrial depolarization, the QRS complex curve represents ventricular depolarization, and
the T curve represents ventricular repolarization. A normal sinusoidal rhythm has the following
characteristics: [9]:

1. Regular rhythm

2. Heart rate ranges from 60-100 x/min

3. The P curve is normal (width < 0.12 s, height < 0.3 mv, positive in lead Il and negative in
lead aVR) and is followed by a QRS and T complex curve

4, Normal QRS curve (between 0.06 to less than 0.12 seconds)

5. Normal PR curve interval (0.12 - 0.20 sec)

One solution to overcome this is to use machine learning technology so that the initial diagnostic
process can be carried out more quickly and easily. One method that can be done is to apply a machine
learning algorithm to identify abnormal ECG waves. In this study, using Xghoost, the best results of this
method will be sought to minimize early diagnostic errors.

XGBoost is a gradient-enhanced algorithm that is enhanced in line with decision trees and can
build driven trees efficiently and run in parallel [10]. XGBoost is a machine learning technique for
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solving regression and classification problems based on a gradient augmenter decision tree (GBDT). In
the regression tree, the inner node represents the attribute test value and the leaf node with the score
represents the decision.[11].
2.2 Steps of Research Work

It takes a flow or flowchart so that the research runs well, is completed on time, and does not go
out of bounds. The research flow flow chart can be seen in figure 1:
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Figure 1. Flowchart

1. Study of literature
The library study method is an activity related to library data collection, reading and taking notes,
and material management. This technique is carried out to reveal various theories based on the problems
studied as reference material in the discussion of research results [12].
2. Data Acquisition
Data acquisition, abbreviated as DAS or DAQ, is a tool or process used to gather information to
analyze physical or electrical phenomena, such as voltage, current, temperature, pressure, or sound. [13].
The process of retrieving datasets from Kaggle. This dataset is used in exploring heart rate classification.
The signal corresponds to an electrocardiogram (ECG) heartbeat to detect abnormalities in the heart.
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3. Kaggle Data Normalization
Data normalization is the process of making variables that have the same range of values, nothing
is too large or too small to facilitate analysis. At this stage, data that is not needed in the study is removed.
4. ECG Curve Determination
The ECG curve consists of P, Q, R, S and T curves. The P curve represents atrial depolarization,
the QRS complex curve represents ventricular depolarization, and the T curve represents ventricular
repolarization.
5. Train and Test
The process of training and testing on the Extreme Gradient Boosting (XGBoost) method to get
accurate results in detecting heart abnormalities. In this study, to conduct training and testing using the
Python Google Colab programming.
6. Result Accuracy
The final result is machine learning data processing accuracy using the Xgboost method to
classify heart rate electrocardiogram waves.

3.RESULTS AND DISCUSSION
3.1 Problem Analysis

Identification of ECG signals is carried out by experts to avoid errors in diagnosing heart disease.
Because of this, the diagnostic process is quite time consuming. Not to mention the long queues at the
hospital because many people panic so that if they experience a little complaint they immediately flock to
the hospital.
3.2 Data Analysis

Early detection of cardiovascular disease can be done by analyzing ECG waves, in this case
Machine learning can help make early detection easier and faster. To do this Machine learning requires a
dataset to train the network. The dataset used in this study was sourced from [14].
The dataset is in the form of numerical ECG signal data taken from 87554 subjects consisting of 72471
normal, 2223 supraventricular ectopic disorders, 5788 ventricular ectopic disorders, 641 fusion disorders
and 6431 unknown disorders.

9.76-01 9.26E-01 6.81E-01 2.45E-01 1.54E-01 1.91B-01 1.52E-01 §.58E-02 5.88E-02 4.90E-02 4.41E-02 6.13E-02 6.62E-02 6.13E-02.1
0 0960 0663 0462 01970 00040 01250 00097 008830 00741 00826 00741 00627  0.0635 0.0655
1 1000 0838 018 00703 00703 00399 00568 004320 00341 00439 00368 00432  0.0676 0.0622
2 0925 0666 0541 02760 01960 00773 00718 006080 00663 00380 00835 00829 00836 0.0939
b 0967 1000 083 03670 03570 02490 01460 008920 0M70 04300 0430 04220 01410 0.1600

4 0927 1000 0627 01930 00030 00725 00432 005350 00833 01900 03280 04180 04270 0.4420

87548 0807 0495 0357 05300 04910 04840 04360 039600 02840 01370 00926 01400 01190 0.0912
87549 0718 0603 0467 03620 02320 04200 00317 000167 00000 00133 00763 041830 02750 0.3150
87550 0806 064 0596 05760  05¥0 04620 04430 036600 03220 01920 0.0980 00490  0.0%7 0.053
87651 0836 0646 0846 02480 01670 01320 01220 012200 01190 01040 01010 01010 00886 0.0810
7682 0802 0846 0801 07490 08870 04990 05120 042800 03950 04020 03710 02870 02360 0.3240

87553 rows x 186 columns

Figure 2. ECG Wave Dataset
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3.3 Xgboost Flowchart
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Figure 3. Flowchart Xgboost
Xgboost formula:

n K
0bj(6) = D v+ ) Q)
i=1 k [11]

Where},iL, 1(yi,y) is the differentiable loss function to measure whether the model is suitable for
the training data set and is the item that determines the complexity of the model. As the complexity of the

model increases the corresponding score is reducedZﬁ Q(fy) [11-16].
3.4 Data Processing

A system that can classify heart rate conditions based on the results of an electrocardiography
(EKG) examination using the Xgboost method to assist heart examinations is expected to be one way to
overcome the problem of detecting heart disease in Indonesia, and can help medical personnel ranging

from nurses to doctors to classify results. ECG examination. The steps followed in data processing:

1. Import Data

The first step is to import the required libraries, initialize the headers:

Source Code Import Library:

import pandas as pd

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import StandardScaler

import numpy as np

import matplotlib.pyplot as plt

from xgboost.sklearn import XGBClassifier

df = pd.read_csv("drive/MyDrive/Dataset/ECG/EKG.csv", header=None)names =
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2.

['t1°,'t2",'t3’,'t4’,'t5 ,'t6','t7 ., 't8', 't9',’'t10’, 't11’,'t12’, t13
Tre440,'E45,CEA67,TR4T7,CE487 U497, E007, TEO4Y | T£20° L0237, L4,
Lo’ ,'E06','£07, 't08° ,'E29, ‘30, 'tE1°,'t32,'t33’, 't34’, 35", 't
36°,'LE7,CLE8T,TLE97, L4007, Tt417 , R427  CL4F, Tt447 L4857, L467, TL4T
©,'t487,'t497  'th0 T, "t517, 'th27, "Lh3", "th4", "LERT, 'Lhe ", 'th7 ", 'Lh8T,
"t5g’, t60°, k61, 't62°, t63’, ‘t64°, t65’,'t66°, t67’, 't68’, 'k69" 't
70°,'L710, L7220, RT3, CE740, CL75 L CEF6’ , E77 0, ET8,E79 0, TE80’, TE8
*'L827,'t83’,'L84°,'LBH’,'LB6’,'L87’, LB’ 'LBY’ L0’ t91’, 192",
"t93’, t94’, 't9E’, 't96’, tg7 ', 't98’, 't9g9’, 't100", 't101°, t102’,'t103
*, 1047, 'R105°, 't106°, 't107 7, 't108°,'t109", ‘t110°, 't111°, ‘t112°, ‘t1
13°,'t114",°t115°, "t116°, L1417, "t118°, "£119°,°t120°, "t121", 'k122" "
£4923°,°£494 7, 'E495’,'£196°,'£197° ,'£428° ,'£129",'£130° , t431", ‘t132’
L'E4337,'E134 7, CE135, CR136°, 't437°, E1387,°£139°, 't4140°, L1417, t14
2°,'t143", 't144°, 't145° , t146°, k147", t148° ,'t149°,'t150°, 't151°, 't
152 ,"t153°, ‘t154°,'t155°,'t156°, 't157°, t158°, 't159°, 't160° , "t161°,
"£162°, 't163° , ‘L1647, 't165°, "t166°, 't167°, 't168°, 't169°, 't170", ‘t171
CtRATOTREATEC,CRAT4Y, CRATEY, CR476° ,CRA77, EAT8’,'E1790, 'L180", 't
84°,°t182°,'t183', 't184°, "t185', t186°, 't187 ", 'class’]

Pemberian
Label Header
Pada Dataset

df.columns = names

print(df.nead(2))
print(df.info())
print(df.describe())
o =1 t2 €3 t4 5 t6 7 t8 €2 tie
a 8.978 @.926 8.681 a.245 8.154 @.191 e.152e @.8858 8.08588 8 .8490
[ 1 e .968 @.8632 8.462 @.197 e.694 @.125 @.8997 2.8883 e.e741 @.8826
ti7ve tise t1s81 tis2 ti1s83 tls4a tis85 tlse tis7 class
2 e.a 2.2 .2 2.2 2.2 2.2 2.2 2.2 2.2 normal
1 a.a a.e a8 a.a a.a a.a a.e a.a a.e normal
[2 rows x 188 columns]
<class ‘pandas.core.frame.DataFrame’ >
REngEIndex: 87554 entries, @ to 87553
Columns: 188 entries, tl1 to class
dtypes: Tloat64(187), cbject(l)
memory usage: 125.6+ MB
None
t1 €2 t3 t4a ts AY
count B87554. B87554. B87554. 87554 .000000 87554 .000000
mean 2.890360 @8.758161 2.423971 @.2191e3 2.2e1127
std a2.24909es8 @.221812 8.227306 2.206879 8.177e57
min a. a. a. 2.000008 2.000008
25% 2.9220008 @.682250 2.251008 2.048500 2.682300
5% a2.9910ea 2.826000 a2.429000 2.l1l66008 2.148000
75% 1.002000 2.211loe0 2.57%000 2.342000 2.25%000
max 1. 1. 1. 1.002000 1.002000
t6 t7 t8 t9 tie AY
count 87554 87554 87554. 87554 .000000 87554 . 000000
mean 2.21e399 2.2e5807 2.201771 2.198690 2.196756
std 2.1712eg 2.178481 2.177241 @.171777 2.168357
min . . . a2.000008 a2.000008
25% 2.083400 2.873200 2.8066100 2.065000 2.063600
Se% 2.152900 2.145000 2.1449000 2.1520002 2.149002
75% a2 a2 .29 2.221o00 2.285000
max 1. 1. 1. 1.o002000 1.o002000
Figure 4. Header Initialization Dataset
AssessmentData

The second step is data assessment. At this stage, we check whether the dataset that we use has
empty values, filled with 0 or with the mean value of the data. As well as checking whether it contains
outlier data, if any, it can be removed. Because the dataset that we use is numerical data of the ECG

signal, which is numeric, null data and outliers are not found.

Source Code for Assessing Data:
df.isnull().sum()
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df.isnull{}.sum{)

t1
tz
t3
4
ts

S WD m® o

tlss 2
t185 2
tls8s 2
t1s7? 2
class 2
Length: 188, diype: intes

Figure 5. Empty Dataset

Convert Class

The third step, convert the class to numeric. Normal = 0, supraventricular = 1, ventricular = 2,
fusion = 3 and unknown = 4. Next, create X_values as input data and y_values as target data.
Source Code Convert Class

def label_encode(df):

df_labelled = df.copy()

# Dictionary to input the different numbers for different classes

label_encode = {"class": {"normal™:0, "supraventricular ectopic™:1, "ventricular ectopic":2,
"fusion™:3, "unknown":4}}

# Use .replace to change the different classes into numbers
df_labelled.replace(label_encode,inplace=True)
return df_labelled

Machine Learning Input

The fourth step, the process of entering data into machine learning to get the results of
abnormalities in the heart through the classification of the electrocardiogram wave dataset using
the XGBoost method.

Source Code Machine Learning

a. Normal Predict

Source Code Normal Predict:

normalpredict = pd.read_csv("drive/MyDrive/Dataset/ECG/predict normal2.csv™)

Xgboost = XGBClassifier()
x = df
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[L&t1 .tz
t14 ", "k15
257,
tos” ta7
37",
TEIET . TE3o
407,
‘tEB ", "ts1
S1,
TtS2t, TESSE
T3,
‘EF4T, "EF S
&5,
TEBS T, TE8T
(=i
TEoET, "o
LR =ET-T-La
tieo, ‘ti1e
119,
t1ze, tiz
t1z°,
£1Z17, “L1FD
ta44r,
t142° , ‘t14as
ti52",
t153" ,"tisg
T1535",
t1S47 , "L1S5
tAF4",
t17s’ , "ti17s

TLLs k4, LB, RGC Ly, L& -
5°, TE45T , k17, TR18°, Tt1e”, k2o
TLTEDBT ,TE2eT,TEZ0C, TEI17, k320,
407 TE41 T, TE42t, TtaAST, Ttaat
517, "ts2” bS5, kB4, EEST, TtEST L
cLTESeT ,TRSET, TRES T, TRST, TRGET L C
LTEFST L CEFFCLCEFEC, CEFeT, &S,
TLTEBBT R80T, TE00 ", Tto1T, Tko2r "
T, TE408T, Tt1e1T | Tt1827, Tt183",
TLoE141 ,CR1127, E1137, Thi114”
T, TE1DD7 1237, "£4D24 7, "R1D5T C
PR =t B S =t B IS =F B o B
T, ohl44 L1457, TR145°, Th147 7
cLTRE1SST 1857, R15F T, Tt155° ¢

L EAISST L TRAST T, TRASE T, TL1s0T L7

ATy

. fLRAFET, TkaFe T, Tka8set L
LTE185T  TE1BS5T, TE18F”

tasg”, "ka
L= byc] 1
181 a1

Pemanggil an
Inisiasi
Headar

y = dff'class']

Xgboost = Xgboost.fit(x,y)

test = normalpredict

predictXGB = Xghoost.predict(test)
print(predictXGB)

["normal’]

b. Supraventricular EctopicPredict
Source CodeSupraventricularEctopicPredictions:

SEpredict = pd.read_csv("drive/MyDrive/Dataset/ECG/predict supraventricular ectopic2.csv™)

Xghoost = XGBClassifier()

x2 = df

[LEr €27, €3, ‘€4, ‘€5 "6, &7, EB','E@’, €107 Ei1’, €42, €15
Et;é‘},Etic','t17','t16','t19','tzo','tz'l','t22','t23','t24','t25 t oS
'QQE?}:"’:QQ‘,‘t?o','tz'l',‘tSQ','t33‘,‘t3¢','t35‘,‘t3§‘,'t37','t38 t30
:én;‘!'c,):édﬂ‘,‘t4-3','t4-4-',‘t4-5','td—é‘,‘td—?','tni-B‘,‘tw‘,'tEO','tE‘l‘,‘tEQ
:érsig?:t’:EE','tEﬁ','tQ',’tEB','t59’,’t60','tG'l’,'tdz','tda','tcni.’,’tds
:E::s;‘?‘iécaf ,TEBGT, TRFOC,CEFLT, TtFR’, RFE,TREFAT CRFES, CEFST, k7T, LT7E
féag??féav,ftagf,ftasf,'t&',ftas','tasf,ft&?',ftaaf,ftagf,'tgof,ftm
rtg‘;??régli-','tQEr,rtQGr,'tgj'r,rtg‘B','tQQ‘r,r'.'.‘IOO','t‘lO‘lr,rt‘IOQr,rt‘lOB',
'Elgg':'t106‘,‘t1o7','t108','t109‘,'t110','t111‘,‘t112','t113','t114‘,
'Eﬁg':'tu?‘,‘t116','t119','t120‘,'t121','t122‘,‘t123','t124-','t125‘,
'Ezgg':'t126','t1z}','t130','t131','t132','t133','t134.','t135','t13§',
fzggrjruag',ftu.o','t141f,ftuzf,ftu.z','t14.¢',ftus','tusf,ftu?',
'Ejig':'t15c>‘,‘t151','t152','t155‘,'t15¢','t155‘,‘t1w','t157','t156‘,
E:gg CrE4617, 1627 TEASET, CtA64T, TEAGST L1667, “tA67 . LASET, t16G°,
ti7e

Pemanggil an
Inisiasi
Header

y2 = df'class’

]

Xgboost = Xgboost.fit(x2,y2)

test = SEpredict

predictXGBSE = Xghoost.predict(test)
print(predictXGBSE)
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["normal']

c. Ventricular EctopicPredict
Source Code Ventricular Ectopic Predict :
VEpredict = pd.read_csv("drive/MyDrive/Dataset/ECG/predict ventricular ectopic2.csv")
Xgboost = XGBClassifier()

x3 = df

©Lreissc

ctasar,c

cL, ki8S, "t

tagy - 1]

L Ea1’, €2, €5, ‘€4’ ‘t5’,  E&’, tr7° ,  £8 o, ‘E1o°  E411 €1z, ©
137, "Eaa”,
"Els 4GS, TE1F7 ,"E187, "ki1o t2e", "t21 ,"ta22" , 23 o4 ta2s" ,"
toas” , ftor,
TED8T, Tt2O7, TEZeT ,TES1C, CE32 5= £34° ,"ESS" ,"E£367, T LIF ts8" "
wEe , Ttaot,
Tt fta42’, "kas" . "taa ., "tas tas5 taF® , "ta8° , "t40 " tso ts5a1” "
52" tss" .,
R EBST, TESST L TESFT,TESST , TES0°, TESCT , TES1T , T ES2 53 sS4, *
o5’ , Thes -,
w67, TEG8T, RGO, TEFe T, TEF1 w7 £FS ,TEFAT LTS, LTS €FFeL
78T, 7o,
L8, Tt81°, "LB2" ,"LS&3°, t8a’, LE&S’, 'LBST,‘L&F°,  LE8 &8s, Ttee "
tol1” oz,
3§9§ SoEEeT. TESET . TToST. TwoT R4 oo, TL100 7, Ttie1’ , T t1e2’ . Ttie Pemangail an
Tfies’ . tiles . ‘ti1e¥’ . T1eS8°, Tt1es’ . t11e’ . ti111°, “ti11:7 , TL11SC. Tti1a Inisissi
4 . E115 Header
e 1177, *E118° , “t119°, "E120°, k1247, ‘ti2e’, ‘ti237, “tiDa’, ‘tio
s°, €1 .
k1o L1287, “tao9’ , Ct13e, TE131°, k1327, "L133°, ‘t1347 , "E13S5", t13
! .
ctise 10, TL140° . TT1417, L1427, L1437, Tt144 7, L1457, TL1457, “t14
Fr.oE -
ctlao Ci5e ., TE1S1° . TE1527, TE1S5S°, k1547 . TL1SS", 1557 . TL15F . “tiS
PR =T="T
SE160° | TEA461 7, Tk162° T E163°, k14’ , T L1687, L1667, Tt1SF T, T L1687, Ttas
R =TT
TEAFLT L TEATRC . CEATE L EAF4C, TEAFEC . T EIFTST , CRAFF L CE1TET 17O, Tti1s
o7, ta

y3 =dffclass]

Xgboost = Xgboost.fit(x3,y3)

test = VEpredict

predictXGBVE = Xgbhoost.predict(test)

print(predictXGBVE)

['fusion']

d. FusionPredict

Source Code Ventricular Ectopic Predict:
fusionpredict = pd.read_csv("drive/MyDrive/Dataset/ECG/predict fusion2.csv")

Xghoost = XGBClassifier()

# Extract out the x values and y values. x will be sepal_length and y will be classes

x4 = df

LTEEBT L TEeT, TEde” Tt1d 7 T k1D Pemanggil an
Isiasi
P e - ] o4, ‘£ He ader
£E4T L CESST ,CESST,CEIFC, CEE
a7 ctas’ , ‘tac " tse’, ‘ts
oo, TES1T s tS3FT, tS
LFs” ., L7a” LTS tFST, L7
85T, Ea&FT T Eas 8o, to
teo’ , "t10G ., “t1o1” |, “tic=”
t110° ,"E111°, “taa2 t113
£4217 , L1227, “t123 124
£432° ,"L155°, “t134 " tass
1437, k1447, “EI4E5T " £I14S
£154° , "L155°, “L156° , T ta1sF
LGS, L1567, “L1S7" . T L1568
N LTS, TEAFFC, TEATSET | T EAFS
cEa1Bo [ Ttasa
EABDT I8 £184° , " LIBS L1857, "ta1 &7 17

y4 = df'class']
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Xgboost = Xgboost.fit(x4,y4)

test = fusionpredict

predictXGBF = Xgboost.predict(test)
print(predictXGBF)

['fusion']

5.Training and Test
The fifth step is to build a network and conduct training and testing. In this experiment, we use

the Xgbost algorithm. We each apply a split data train and test with a ratio of 70% and 30%. We do this
until we get the best accuracy from the algorithm.
5.1 Data Split

The function of training is to train the model to recognize patterns in the data, while testing is to
ensure that the trained model is able to predict tags from new observations that have not been studied by
previous models.[15].

Split Data source code:

X_train, x_test, y_train,

y_testXgBoost = train_test_split(x_values,y_values,test_size=0.3,random_state=10)
scaler = StandardScaler()

X_train_scale = scaler.fit_transform(x_train)

x_test_scale = scaler.transform(x_test)

5.2. Conversion Matrix Xgboost
Split Data source code:

from sklearn.metrics import conmfusioromatrix

matrix = [confusioromatrix{y_test¥gBoost, u pred)])

print|matrix)

benar =(macrix[e,0lmatrix[1,1#matrix[2, 2]+matrix[3,3]+matrix[4, 4]}
Total=(matrix[e,e #matrix[e, 11smatrix[e, 2 +matrix[e, 3+matrix[e 4 Fmatrix[1,0)
matrix[1, 1T=matrix[1, 2 =matrix[1, 31=matrix[1,4Jsmatrix[2, e =mabrix[2,17+
matrix[2, 2matrix[2, 3 Fmatrix[2, 4 JPmatrix (3,0 ]+mabtrix[ 3, 1 J=mat rix[3, 2]+
makbrix[3, 3kmatrix[3,4 Fmabrix[4, 0 F=matrix[4 1 J=mabrix[4, 2J=mabrix[4, 3]+
matrix[4,4]7)

print| benar)

print|{Total)

akuraszi = ((matrix[e,0 natrix(1, 1 #=matrix[2,2]+matrix][3, 3+=matrix[4, 47}/
(matrix[e,e]smatrix[e, 1}=matrix[e,2]+matrix[e, 3 Fmatrix [0 ,4 J+matrix[1,0]
smatrix[1,1]#matrix[1, 2#matrix[1,3]+matrix[1,4 matrix[2,0]+#matrix[2,1]
smabrix[2,2]+#matrix[2, 3Fmatrix[2 4 1smatrix[ 3,0 Fmatrix [3, 1 J+matrix[ 3,2
+matrix[3,3]+#matrix[3, 4 +matrix[4,0]+matrix[4, 1 Fmabrix[4, 2]+matrix[4,3
+matrix[4,4])¥100)

print(accuracy)

[[ 128 47 @ 8  12]
[ 121891 31 12 53]
[ o 225 420 3 8]
[ @ o3 1 1786  12]
[ 10 211 3 13 1567]]

25532

26267

Akurasi = 97.20181215974416 %
Figure 6. Predict Accuracy
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In the matrix conversion with the Xgboost algorithm, 97.20% of the data accuracy in detecting
heart disease can be obtained.
35 Results
To record the activity of the heartbeat, a diagnostic tool in the form of an Electrocardiogram
(ECG) can be used, the results of the heart record are then analyzed by the doctor to determine
the conditions and problems with the patient's heart. The rhythm of the heart rate is shown in the
form of a sine curve.
3.5.1 Normal
In general, the ECG curve consists of P, Q, R, S and T curves. The P curve represents atrial
depolarization, the QRS complex curve describes ventricular depolarization, and the T curve
describes ventricular repolarization. Seen in figure 7.
The normal sine wave rhythm has the following characteristics:
1. Regular rhythm
2. Heart rate ranges from 60-100 beats/minute
3. The P curve was normal (width < 0.12 sec, height < 0.3 mv, positive in lead Il and negative in
lead aVR) and the QRS and T complex curves followed.
4. Normal QRS curve (between 0.06 to less than 0.12 seconds)

5. The PR curve interval is normal (0.12 - 0.20 sec).
plt.plot(df.iloc[0, :186]) #normal

[<matplotlib.lines.Line2D at O0x7fafdb205290>]
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Figure 7.Normal
3.5.2 Supraventricular ectopic
Supraventricular ectopicis a condition in which the heart beats very fast, much more than the normal
heart rate. If the normal heart beats 60-100 times per minute, the heart of a patient with supraventricular
ectopic beats 140-250 times per minute. Seen in figure 8.

[«matplotlib.lines.Line2D at Ox7fafe5505dd0>]
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Figure 8.Supraventricular
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3.5.3  Ventricular ectopic

Ventricular ectopicis a disorder of the heart's pumping work in the ventricles or ventricles, in which
the chambers beat too fast and cause less blood to be pumped by the heart. Seen in figure 9.

o plt.plot(df.iloc[74695, :186]) #ventricular ectopic

[+ [<matplotlib.lines.Line2D at 0x7£553065£800>

e

10
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0.4

0.2

0.0

Figure 9.Ectopic Ventricular ECG Waveform
3.5.4 Fusion beat

Fusion beatis a condition in which impulses from the sinus node are delivered to the ventricles
through the atrioventricular node and are combined with impulses from the ventricles. This is dangerous
in acute ischemic situations. Seen in figure 10.

plt.plot(df.iloc[B0483, :186]) #fusion

[<matplotlik.lines.Line2D at O0x7£5538414750>]
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Figure 10.Fusion Beat EKG wave
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3.6 Accuracy Results

Total Data Elektrokardiogram

Mormaal

Tidak Dikenal

Fusian
Ventricular Ectopic

Supravaniricular Bchopic

Figure 10.Processing Results
From the data processing carried out in classifying electrocardiogram waves with normal data sharing
72471 or 82.77%, 2223 supraventricular ectopic abnormalities or 2.54%, 5788 ventricular ectopic
abnormalities or 6.61%, 641 fusion disorders or 0.73%, and 6431 data or 7.35% unknown abnormality.
As many as these results are known, Xgboost gives the best results with an accuracy of 97.20% or is able
to correctly classify 25577 data from 26267 data.

4, CONCLUSIONS

Currently, cardiovascular disease can affect anyone and can also be caused by: an unhealthy
lifestyle. So cardiovascular disease really needs to be done early prevention is important Early treatment
can be done to prevent the worst effects of this disease. This research applies machine learning can help
make this diagnostic process more efficient. In this study, machine learning was able to accurately
classify abnormal ECGs up to a maximum of 97.20 percent using the Xgboost algorithm.
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