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Heart failure is one of the cardiovascular diseases that has a significant impact on
patients' quality of life and requires appropriate medical treatment. With the
advancement of technology, the use of machine learning algorithms to predict the risk
of heart failure can enhance the efficiency of diagnosis and treatment. This study aims
to compare the performance of five machine learning algorithms in predicting heart
failure in patients. The algorithms used in this study are K-Nearest Neighbors (KNN),
Decision Tree, Random Forest, Naive Bayes, and Deep Learning. The dataset contains
patients' medical data, including medical history, symptoms, and clinical test results.
The evaluation method was carried out by measuring the accuracy, precision, recall,

and F1-score of each algorithm. The results show that the Random Forest algorithm
Please cite this article in IEEE achieved the best performance in terms of accuracy and prediction stability, followed

style as: . by Deep Learning and Naive Bayes.
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1. Introduction

The heart is an organ that plays a vital role in human survival due to its function of distributing blood
from the lungs to all parts of the body. This blood carries a high amount of oxygen, which is essential in
supporting the body's metabolic processes. Heart disease remains the number one cause of death worldwide.
According to recent findings, this disease was a leading trigger of global deaths in 2019 [1]. Heart disease
refers to disorders affecting the major blood vessels, causing the heart and circulatory system to function
improperly [2] Therefore, the heart must be protected, maintained, and kept in good condition to prevent
damage that could lead to heart failure. A significant number of people die from heart failure [3].

One of the main issues faced by patients or the general public is the inability to accurately identify the
causes and risk factors of heart failure. As a result, they are often unable to prevent the disease or determine
the likelihood of its occurrence. This highlights the need for classification of the contributing factors to heart
failure, so that the risk of developing the disease can be minimized or avoided [4].

This research utilizes Information Gain in machine learning classification algorithms. The classification
algorithms used include K-Nearest Neighbors (KNN), a distance-based classification method [5], Decision
Tree, chosen for its relatively high accuracy [6], Random Forest [7], Naive Bayes [8], and Deep Learning [9]
These algorithms will be compared at the end of the testing process to determine the most suitable one for
predicting this disease.

The objective of this study is to develop a predictive model for heart failure in patients by utilizing five
machine learning algorithms: K-Nearest Neighbors (KNN), Decision Tree, Random Forest, Naive Bayes, and
Deep Learning. The data used in this study were obtained from [www.kaggle.com]. Preprocessing techniques
such as missing value imputation, data normalization, and feature selection were applied to ensure the quality
of the data used in the models. This research was conducted using software tools such as Tableau and
RapidMiner to facilitate the research process. The results of the study can be implemented as a predictive model
to help minimize the occurrence of heart failure in the future.
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A study conducted by Aripin [1], identified heart disease using the Artificial Neural Network (ANN)
algorithm to determine the factors contributing to heart disease. This research aimed to find the best algorithm
to identify and predict whether a person has heart disease based on various criteria or other health issues.
Another study by Raharja [10] used the Decision Tree algorithm to identify heart disease and demonstrate the
risk level of individuals developing heart conditions. Research by Riani [11] focused on predicting whether a
person is affected by heart disease using the Naive Bayes algorithm. Lastly, a study by Depari [12] and his
team conducted a comparison of the Decision Tree, Random Forest, and Naive Bayes algorithms in classifying
heart disease.

Research Methodology
Data Science Process
Data Data
. . Exploratory Model
Collection Cleaning T Ao e e

Figure 1. Data Science Process

In Data Science, there are several procedures that must be followed to ensure that the resulting data has
high accuracy, thereby supporting the credibility of the research content, as shown in Figure 1. This data will
contribute to various aspects in the future. Therefore, it is essential to minimize errors in data processing. The
procedures carried out by the author in processing the data include the following.

2.1 Data Collection
The first step taken is the data collection process from various sources. This data can be in the form of
numbers, text, images, and so on. Data can also be obtained through direct surveys and collected using
questionnaires and interviews with reliable sources. It is important to ensure that the data is accurate, complete,
and trustworthy. The data used in this study was obtained from the Kaggle website (www.kaggle.com). Kaggle
is a platform and online community focused on data science and machine learning, where datasets are gathered
and shared. The datasets available on the website are generally accurate and complete, depending on the field
of research being conducted.
2.2 Data Cleaning
The first step carried out is checking whether the dataset contains null values, as this is a common
occurrence in real-world data [13]. The collected data typically needs to be filtered so that irrelevant
information can be removed from the dataset. At this stage, the data is cleaned from errors, redundancy, and
inconsistencies. This process is crucial to ensure that the data used for analysis is accurate and reliable. The
data cleaning process was carried out using RapidMiner software. In this stage, problematic data was selected
and standardized to ensure accurate results, and data not used in this experiment was removed.
2.3. Exploratory Data Analysis
After the data has gone through the cleaning process, data scientists begin to use various statistical and
visualization techniques to discover patterns, trends, and hidden relationships within the data. At this stage, it
is important to remain critical and avoid drawing immediate conclusions based solely on what is seen. Data
scientists must consider multiple possibilities and seek relevant evidence in line with the research objectives.
In this phase, data visualization is performed using Tableau to help simplify the visualization process. The use
of Tableau as a tool to visualize data offers several advantages, such as providing great flexibility in processing
and visualizing data from various sources. This enables a more holistic and comprehensive analysis. Tableau
also offers a wide range of powerful visualization tools, from simple charts to more complex forms.
2.4. Model Building
With the knowledge gained from the data analysis process, the author can build models that accurately
predict, cluster, or classify new data. Building a model requires critical thinking and a deep understanding
of both the data and the algorithms to be applied. At this stage, the model building was carried out using
RapidMiner software. RapidMiner is a data analysis platform that helps in understanding patterns and
trends within large datasets. It also allows for the application of various algorithms and the evaluation of
which algorithm is most suitable for the research objectives
2.5. Model Deployment
The successfully built model will be applied in various aspects aligned with the research objectives, such
as sales strategies, customer retention strategies, and others. By carefully and critically carrying out the entire
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process, data scientists can help solve various real-world problems, particularly in completing the research that
has been conducted.
3. Results and Discussion
This section presents the results based on the stages that have been carried out:
3.1. Data Collection
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Figure 2. Heart Failure Prediction Dataset

The dataset (Figure 2) was obtained from the Hungarian Institute of Cardiology in Budapest, University
Hospital in Switzerland, V.A. Medical Center Long Beach, and the Cleveland Clinic Foundation. The purpose of
collecting this data is to detect heart failure as early as possible by predicting the collected data, so that early
treatment and disease detection can be carried out effectively.

3.2. Data Cleaning

Age Sex ChestPainRestingBP Cholester FastingBS RestingEC MaxHR  Exercised Oldpeak 5T _Slope HeartDisease
40 1A ATA 140 289 0 Marmal 172 M 0 Up 0
49 F MNAP 160 180 0 Morrmal 156 M 1 Flat 1
37 M AT, 130 283 0sT 98 M 0 Up 0
48 F A5 138 214 0 Morrmal 108y 1.5 Flat 1
54 MNAP 150 133 0 Marmal 122 M 0 Up 0
39 1 MNAP 120 339 0 Morrmal 170 M 0 Up 0
45 F AT, 130 237 0 Morrmal 170 M 0 Up 0
54 AT, 110 208 0 Morrmal 142 M 0 Up 0
37 M A5 140 207 0 Morrmal 130 1.5 Flat 1
48 F AT, 120 284 0 Morrmal 120 M 0 Up 0
3T F MNAP 130 211 0 Morrmal 142 M 0 Up 0
58 M AT, 136 led 0sT 99y 2 Flat 1
39 1 AT, 120 204 0 Morrmal 143 M 0 Up 0
49 1 A5 140 234 0 Morrmal 140 1 Flat 1
42 F MNAP 115 211 0sT 137 N 0 Up 0
54 F AT, 120 273 0 Morrmal 150 M 1.5 Flat 0
38 M A5 110 196 0 Morrmal lag M 0 Flat 1
43 F AT, 120 201 0 Morrmal 165 M 0Up 0
60 I A5 100 248 0 Morrmal 125N 1 Flat 1

Figure 3. Data Cleaning

At this stage, no data cleaning was performed. This is because, after observing the dataset obtained as
shown in Figure 3 above, no common errors were found, such as duplicate entries, inconsistent data, and so on.
Therefore, it was decided to proceed to the next stage without modifying the original dataset.

3.3. Model Building
The model development was carried out by testing five different algorithms and comparing them to determine
the most suitable one. Figure 7 shows the design the RapidMiner Model for All Algorithms
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Figure 7. RapidMiner Model for All Algorithms
Decision Tree

Decizion Tree Apply Model DecisionTree.
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Figure 8. Decision Tree Algorithm Using RapidMiner

The first algorithm tested using RapidMiner was the Decision Tree algorithm [14]. The structure in
RapidMiner, as shown in Figure 8, begins with reading the dataset, followed by preprocessing (such as data
cleaning, etc.). After that, cross-validation is performed, which includes the first stage of classification using
the Decision Tree algorithm. Then, a second stage of classification is carried out until the accuracy, precision,
and recall results are obtained from the data.
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accuracy: 84.76% +/- 5.52% {micro average: 84.75%)

true 0 frue 1 class precision
pred. 0 348 78 81.69%
pred. 1 62 430 87.40%
tlass recall 84.88% 84.65%

Figure 9. Decision Tree Algorithm Results

The results of the Decision Tree algorithm can be seen in Figure 9. This algorithm achieved an accuracy
rate of 84.76%. This level of accuracy is supported by high precision and recall values.

KNN (K-Nearest Neighbors)

Apphy Model (2) K-nn
rrod raed rmod lak lak % per tes
tes L per
thr unl rrod er exa
k-HH i
thr per
tra rmod

Figure 10. K-Nearest Neighbors Algorithm Using RapidMiner

The second algorithm tested using RapidMiner was the K-Nearest Neighbors (KNN) algorithm [15].
KNN is categorized as a lazy learning algorithm because it does not use a model to classify the data [16]. The
structure in RapidMiner, as shown in Figure 10, begins with reading the dataset, followed by preprocessing
(such as data cleaning, etc.). After that, cross-validation is performed, which includes the first stage of
classification using the KNN algorithm. Then, a second stage of classification is carried out until the accuracy,
precision, and recall results are obtained from the data.

accuracy: 70.27% +/- 2.57% {micro average: 70.26%)

true 0 true 1 tlass precision
pred. 0 267 130 G7.25%
pred. 1 143 378 T2.85%
class recall B5.12% T441%

Figure 11. K-Nearest Neighbors Algorithm Results

The results of the KNN algorithm can be seen in Figure 11. This algorithm achieved an accuracy rate of
70.27%. This accuracy is lower compared to the results obtained using the Decision Tree algorithm.

Random Forest

Random Forest (2) Apply Model (3) RandomForest
tra tra rmod mod mod mod lab lab % per tes
- exa thr L] unl = rmod per exa Rer
wei thr per

Figure 12. Random Forest Algorithm Using RapidMiner
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The third algorithm tested using RapidMiner was the Random Forest algorithm. The structure in
RapidMiner, as shown in Figure 12, illustrates that Random Forest is an ensemble method that combines the
results of multiple decision trees, which can improve accuracy, reduce overfitting, and identify the most
important features to be used in the training data [17]. The process begins with reading the dataset, followed
by preprocessing (such as data cleaning, etc.). After that, cross-validation is performed, which includes the first
stage of classification using the Random Forest algorithm [7]. Then, a second stage of classification is carried
out until the accuracy, precision, and recall results are obtained from the data.

accuracy: 87.26% +- 1.83% (micro average: 87.25%)

true 0 true 1 class precision
pred. 0 339 46 88.05%
pred. 1 7 462 896.68%
class recall 92.68% 90.94%

Figure 13. Random Forest Algorithm Results

The results of the Random Forest algorithm can be seen in Figure 13. This algorithm achieved an accuracy
rate of 87.26%. This accuracy is higher compared to the results obtained using the K-Nearest Neighbors and
Decision Tree algorithms.

Naive Bayes

Haive Bayes (2) Apply Model (4) HaiveBayes
i tra mod mad moad rmad lab lab % per tes
= exa thr tes unl = mod per exa per
thr per

Figure 14. Naive Bayes Algorithm Using RapidMiner

The fourth algorithm tested using RapidMiner was the Naive Bayes algorithm. The structure in
RapidMiner, as shown in Figure 14, begins with reading the dataset, followed by preprocessing (such as data
cleaning, etc.). After that, cross-validation is performed, which includes the first stage of classification using
the Naive Bayes algorithm. Then, a second stage of classification is carried out until the accuracy, precision,
and recall results are obtained from the data.

accuracy: 85.84% +/- 3.18% (micro average: 85.84%)

true 0 frue 1 class precision
pred. 0 342 62 84.65%
pred. 1 [i1:] 446 B6.77%
tlass recall 23.41% 87.80%

Figure 15. Naive Bayes Algorithm Results

The results of the Naive Bayes algorithm can be seen in Figure 15. This algorithm achieved an accuracy
rate of 85.84%. This accuracy is lower than the results obtained using the Random Forest algorithm, but higher
than those of the Decision Tree and K-Nearest Neighbors algorithms.
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Deep Learning

Deep Learning (2) Apply Model (5) DeeplLearning
tra tra rmad mod mod rmiod lab laks % per tes
° exa thr i1 unl - mod per exa BEr
wei thr per

Figure 16. Deep Learning Algorithm

The fifth algorithm tested using RapidMiner was the Deep Learning algorithm. The structure in
RapidMiner, as shown in Figure 16, begins with reading the dataset, followed by preprocessing (such as data
cleaning, etc.). After that, cross-validation is performed, which includes the first stage of classification using
the Deep Learning algorithm. Then, a second stage of classification is carried out until the accuracy, precision,
and recall results are obtained from the data.

accuracy: 86.17% +- 3.76% (micro average: 86.17%)

true 0 true 1 class pracision
pred. 0 340 57 85.64%
pred. 1 7o 451 B6.56%
class recall 82.93% 88.78%

Figure 17. Deep Learning Algorithm Results

The results of the Deep Learning algorithm can be seen in Figure 17. This algorithm achieved an accuracy
rate of 86.17%. This accuracy is lower than the result obtained using the Random Forest algorithm, but higher
than those of the Decision Tree, K-Nearest Neighbors, and Naive Bayes algorithms.
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Figure 18. Accuracy Based on Algorithm Comparison

After testing the five algorithms, it was found that the Random Forest algorithm is the most suitable for
the purpose of this study. As shown in Figure 18, the Random Forest algorithm achieved the highest accuracy
compared to the other four algorithms tested in this research, with an accuracy rate of 87.26%.

3.4. Model Deployment

For the model development, we used Visual Studio Code (VSCode) to process Python code into a working
application. In this case, the Random Forest algorithm was used to predict heart disease, and Tkinter (a Python
library creating GUI interfaces) was used to build the graphical user interface. The first step was to load the dataset
to be used for training and testing the model. The dataset, shown in Figure 19, was obtained from the Kaggle
website.
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Age,5ex,ChestPainType, RestingBP,Cholesterol,FastingBs,RestingECG, MaxHR, ExerciseAngina, 0ldpeak,ST_Slope,HeartDisease
40,M,ATA,140,289,0,Hormal, 172 ,M,0,Up, @
49,F,NAP, 160,180, 0,Hormal , 156,M,1,Flat, 1
37,M,ATA,130,283,0,5T,98,N,0,Up,0
48,F,ASY,138,214,0,Hormal, 108,Y,1.5,Flat, 1
54,M,NAP,150,195,0,Hormal 122 ,1,0,Up, @
39,M,HAP,120,339,8,Hornal , 170,M,8,Up, @
45,F,ATA,130,237,08,Normal, 179,M,0,Up , @
54,M,ATA,110,208,0,Hormal , 142 ,1,0,Up, &
37,M,ASY,140,207,0,Hormal , 130,Y,1.5,Flat, 1
48,F,ATA,120,284,8,Hormal, 120,N,0,Up, @
37,F,NAP,130,211,8,Hormal, 142 ,M,0,Up, @
58,M,ATA,136,164,0,5T,99,Y,2,Flat,1
39,M,ATA,120,204,0,Hormal, 145,M,0,Up , @
49,M,ASY,148,234,8,Hormal , 148,Y,1,Flat, 1
42,F,NAP,115,211,8,ST,137,N,0,Up, 0
54,F,ATA,128,273,08,Hormal , 158,H,1.5,Flat,@
32,M,ASY,110,196,0,Hormal, 166,M,8,Flat, 1
43,F,ATA,120,201,8,Hormal, 165,M,0,Up, @
60,M,ASY,100,248,0,Hormal, 125,M4,1,Flat, 1
36,M,ATA,120,267,0,Hormal, 160,M,3,Flat, 1
43,F,TA,100,223,0,Normal, 142 ,M,0,Up, @
44,M,ATA,128,184,8,Hormal 142 ,M,1,Flat, e
49,F,ATA,124,201,8,Hormal, 164,M,0,Up, @&
44,M,ATA,150,288,8,Hormal , 158,Y,3,Flat, 1
40,M,NAP,130,215,8,Hormal , 138 ,M,0,Up, &
36,M,NAP, 130,209, 0,Hormal,, 178 ,M,0,Up, @

Figure 19. Contents of heart.xls Dataset

Next, to build this model, we need to create a new file named train_model.py, as shown in Figure 20. This file is
used to train our model so that it can predict heart disease.

train_modelpy

Figure 20. train_model.py File

Then, we import all the necessary libraries required for this modeling process, as shown in Figure 21.

import pandas as pd

from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestclassifier
from sklearn.preprocessing import LabelEncoder
import joblib

Figure 21. Importing Required Libraries
Next, we use the following syntax to read the previously mentioned Kaggle dataset, as shown in Figure 22.

df = pd.read csv("heart.csy"

Figure 22. Importing the Dataset

From Figure 23, it can be seen that we encode all categorical data into labels.

encoder_cp = LabelEncoder()
df[ 'ChestPainType'] = encoder_cp.fit_transform(df[ 'ChestPainType'])
joblib.dump(encoder cp, "chest pain encoder.pkl™)

encoder_ecg = LabelEncoder()
df[ 'RestingEcG’] = encoder ecg.tit transform({df| 'RestingEcG’|)
joblib.dump(encoder_ecg, "resting ecg encoder.pkl™)

encoder_slope = LabelEncoder()
df[ 'sT_Slope'] = encoder_slope.fit_transform(df[ 'sT_Slope'])
joblib.dump(encoder_slope, "st_ slope_encoder.pkl")

df encoded = pd.get dummies{dt, drop tirst=

Figure 23. Encoding All Required Columns
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From Figure 24, the target feature is separated, and the data is split. Once everything is done, the model is saved
using the following syntax.

df encoded.drop(“HeartDisease", axis=1)
df encoded[ "HeartDisease" ]

_train, X test, y train, y test = train test split(X, y, test size=08.2, random state=42)

model = RandomForestClassifier(random_state=42)
model.fit(X train, y train)

joblib.dump{model, "model rf.pkl")
joblib.dump(X.columns. tolist(), "features.pkl")

print(" 8 Model, fitur, dan encoder berhasil disimpan.")
Figure 24. Splitting Train and Test Data
To turn the previously built model into an application, we need to create a new file named app.py. Then, we import
all the necessary libraries to build the model, as shown in Figure 25.

import tkinter as tk

from tkinter import ttk, messagebox
import joblib

import numpy as

Figure 25. Importing Supporting Libraries to Build the Application

Next, load all the files that were created in the previous model, as shown in Figure 26.

model = joblib.load("model rtf.pkl")
features = joblib.load("features.pkl")

encoder cp = joblib. load("chest pain encoder.pkl”)
encoder_ecg = joblib.load("resting ecg encoder.pkl”)
encoder_slope = joblib.load("st slope encoder.pkl")

Figure 26. Loading the Created Data

Once this is done, the code is written to handle the prediction data and set up the user interface so that it is visible
to the user. Figure 27 below shows an example of the completed application.
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Figure 27. Final Application Output

4. Conclusion

The predictive model developed in this study aims to achieve a high level of accuracy in detecting heart failure
more effectively. To obtain optimal results, a cross-validation process was applied as a model evaluation method
to reduce the possibility of overfitting and to provide a more reliable estimate of accuracy. In this process, five
different machine learning algorithms were used for comparison: Naive Bayes, K-Nearest Neighbors (KNN),
Decision Tree, Random Forest, and Deep Learning. The evaluation results indicate that the Random Forest
algorithm delivered the best performance, achieving the highest accuracy compared to the other algorithms. This
finding demonstrates that Random Forest has a superior ability to handle complex data, with an accuracy of
87.26%, and is capable of identifying important patterns within heart failure patient health data. Therefore, this
algorithm was selected to be implemented as the primary predictive system developed in this application. The
application itself is designed for broad use by both the general public and healthcare professionals, whether in
urban or rural areas. One of its main advantages is its ability to function optimally without requiring a network or
internet connection, making it highly beneficial for regions with limited access to technology or communication
infrastructure. With the implementation of this application, it is expected that the early detection of potential heart
failure can be conducted more quickly and accurately. Furthermore, the prediction results generated by the
application can assist medical experts in determining the most appropriate and efficient treatment strategies,
thereby improving patients’ quality of life and minimizing the risk of further complications. Overall, this predictive
model not only offers a practical technological solution but also brings significant social impact by expanding
access to quality healthcare services across all segments of society.
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