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Abstract: Heart failure is a cardiovascular disease with a high mortality rate and tends to increase every
year. Therefore, a method is needed that can help the process of classifying heart failure quickly and accu-
rately. This study aims to design and implement a heart failure classification system using the K-Nearest
Neighbor (K-NN) machine learning method. The dataset used consists of 918 patient data with eleven in-
put variables and two output classes, namely patients diagnosed with heart failure and patients not diag-
nosed with heart failure. The research stages include data loading, dividing training data and test data,
implementing the K-NN algorithm with various K values, and evaluating model performance using accu-
racy, precision, recall, and F1-score metrics. The test results show that variations in the K value have a sig-
nificant effect on the performance of the classification model. The K value = 9 produces the best perfor-
mance with an accuracy of 93.48%, a recall of 96.36%, and an F1-score of 94.64%, which indicates a good
balance between precision and recall. Based on these results, the K-NN method with a value of K =9 is

recommended as the optimal configuration in the classification of heart failure disease in this study.
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1. Introduction

Based on the WHO definition referred to by the In-
donesian Ministry of Health's Data Center (2014), cardio-
vascular disease is a group of diseases that occur due to
disorders of the heart and blood vessels, which include
coronary heart disease, hypertension, stroke, and heart
failure. The results of the Basic Health Research (Risk-
esdas) show a continuous increase in the group of cardi-
ovascular diseases, especially hypertension, which has
experienced significant growth in prevalence from year
to year. Throughout 2013 alone, it increased by 25.8%,
and even in 2018 it increased by 34.1% [1]. Coronary
heart disease remained at 1.5% in 2013 to 2018. Kidney
failure disease increased from 0.2% in 2013 to 0.38% in
2018. Heart disease is one of the diseases that causes
death of around 17.9 million people every year world-
wide [2], [3]. Patients who have been diagnosed by a doc-
tor as having heart failure usually die within 1-2 years [4],

[5].

Classification of heart failure can be done by utiliz-
ing machine learning algorithms, which play a role in
identifying patterns and determining classes based on
available data [6]-[8]. Machine learning algorithms are
computational methods designed to solve specific tasks
while extracting latent information from available data
[8]. The primary characteristic of machine learning lies in
its ability to build algorithms that accept data input and
utilize statistical analysis to generate predicted outputs.
Generally, learning algorithms fall into two categories:
supervised learning, unsupervised learning, and rein-
forcement learning [9].

Supervised learning is a category of supervised ma-
chine learning because the machine learning algorithm
used can correct the results of its predictions based on the
output [10], [11]. This category of machine learning al-
ready uses classes or labels in its dataset. In the super-
vised learning category, there are four models: regression,
decision tree, classification, and random forest [12].
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Figure 1. Research Stages.

The K-NN algorithm is a classification method that
is widely applied in the field of machine learning because
it has a simple concept, is easy to implement, and is flexi-
ble for development [13], [14]. This algorithm relies on
the distance metric parameters and the k value to deter-
mine the proximity between data, with the main goal of
finding the nearest neighbor of each data point in the da-
taset [15]. Many studies have been conducted using the
K-NN algorithm, including one on predicting death from
heart failure using the K-NN algorithm. This study used
a k value of 7 with an accuracy of 94.92%. Testing using
Python yielded an accuracy of 68% [15].

Another study applied K-NN algorithm to perform
correlation analysis aimed at identifying the relationship
between heart failure datasets and the developed predic-
tion model [16], [17]. This study analyzed the perfor-
mance of K-NN and obtained an accuracy value of 97.07
% in predicting heart failure [18]. Additionally, previous
research using the K-NN algorithm for heart failure clas-
sification utilized 12 attributes from a total of 299 data
sets. This study compared the use of a subset of 20 data
sets with the full 299 sets, resulting in accuracy rates of
89.29% and 96.66%, respectively [19].

This study aims to design a heart failure disease
classification system that can later be used to build a
heart failure disease classification system using machine
learning methods, one of which is the K-NN method.
There are eleven input variables that can be seen in Fig-
ure 5. There are two outputs, namely: patients diagnosed
with heart failure and patients not diagnosed with heart
failure.

2. Research Methods

The dataset used in this study was obtained from the
Kaggle platform and consists of 918 patient data which
then went through a preprocessing stage to produce
learning data suitable for predicting heart disease. The
first attribute represents the patient's age with a range of
29 to 77 years, while the second attribute indicates gender,
where a value of 0 represents female and a value of 1 rep-
resents male. The third attribute describes the type of
chest pain experienced by the patient and is classified
into four numeric categories, namely Typical Angina (TA
= 0), Atypical Angina (ATA = 1), Non-Anginal Pain (NAP
= 2), and Asymptomatic (ASY = 3). The fourth attribute
represents resting blood pressure, the fifth attribute indi-
cates cholesterol levels, and the sixth attribute indicates
fasting blood sugar levels, with a value of 1 indicating
blood sugar levels above 120 mg/dl and a value of 0 indi-
cating the opposite condition. The seventh attribute re-
flects the results of an electrocardiogram (ECG) examina-
tion coded with values 0 to 2 to indicate different levels
of the condition, the eighth attribute indicates the maxi-
mum heart rate achieved with a range of values between
71 and 202, and the ninth attribute indicates the presence
of angina triggered by physical activity, where a value of
1 indicates the presence and a value of 0 indicates the
absence. The tenth attribute describes the level of depres-
sion experienced by the patient, the eleventh attribute
represents the ST segment slope at peak exercise condi-
tions classified into upsloping, flat, and downsloping cat-
egories, while the last attribute serves as a class label that
represents the target variable in the dataset. This study
applies a binary classification approach, where a value of
0 indicates no indication of heart failure, while a value of
1 indicates a high probability of heart failure.

Figure 1 illustrates the research stages conducted in
this study, which begins with the process of loading the
dataset from the source that has been determined as the
research object. The obtained dataset is then prepared to
ensure its suitability in the next analysis stage. The next
stage is data preprocessing aimed at improving data
quality, including the process of cleaning for missing
values, duplicate data, and inconsistencies, followed by
data transformation if necessary to suit the needs of the
K-Nearest Neighbors (K-NN) algorithm. After that, the
data is divided into training data and test data, where the
training data is used to build the K-NN model, while the
test data is used to test the model's ability to classify data
that has not been studied before. In the next stage, the K-
NN method is implemented by determining the appro-
priate parameters, such as the k value and distance calcu-
lation method, to carry out the classification process on
the test data. The final stage of the research is the analysis
of the K-NN model performance, which is carried out
using evaluation metrics such as accuracy, precision, re-
call, and f-measure to assess the level of accuracy and
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Figure 2. Categories of Machine Learning Techniques.

effectiveness of the K-NN method in solving the prob-
lems studied.

2.3. Machine Learning

Machine learning is a collection of statistical algo-
rithms designed to solve specific tasks and extract hidden
patterns or information from available data. In general,
the main characteristic of machine learning lies in its abil-
ity to build computational models that accept data as in-
put and utilize various statistical approaches to produce
specific predictions or outputs. Based on their learning
approach, machine learning algorithms can be classified
into three main categories: supervised learning, unsuper-
vised learning, and reinforcement learning [9].

Supervised learning algorithms use pairs of input
and output data as the basis for the model training pro-
cess, and evaluate model performance using various sta-
tistical measures [9]. This approach integrates historical
knowledge with new data through labeled examples to
generate predictions on unknown data. Based on the
analysis of identified training data, the learning algo-
rithm constructs an inference function that is used to
predict specific output values. Furthermore, an evalua-
tion mechanism allows for comparison between predict-
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ed results and actual values, thus identifying errors and
using them as a basis for continuous model improvement
and optimization [20].

In Figure 2, the categories of machine learning tech-
niques, K-NN is one of the algorithms included in the
supervised learning category which is used for the classi-
fication process.

2.4 K-NN

The K-NN algorithm is a classification method in
supervised learning that works using labeled datasets.
This algorithm determines the class of a test dataset by
measuring the similarity between its features and fea-
tures from training datasets that already have class labels
[21]. K-NN is widely used in various classification prob-
lems because it has a simple and flexible concept to be
implemented and developed further. The working prin-
ciple of the K-NN algorithm is based on the use of dis-
tance metrics and the determination of the number of
nearest neighbors represented by the parameter k. The
main goal of this algorithm is to identify a number of da-
ta closest to a target data in the feature space. The classi-
fication process is carried out by assigning a class to a
sample based on the most dominant class among its k
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import numpy as np
import pandas as pd
from sklearn.neighbors import KNeighborsClassifier

from sklearn.model_selection import train_test_split, cross_val_score

from sklearn.preprocessing import LabelEncoder
import seaborn as sns
import matplotlib.pyplot as plt

from sklearn.metrics import accuracy_score, precision_score, recall_score, fl_score, confusion_matrix, classification_report

Figure 3. Import Library.

Table 1. Results of Transformation data.

Age  Sex (I:,Ial:;t Resting Cholesterol Fasting Resting Max Exerc-ise Old ST Heaﬂ
Type BP BS ECG HR  Angina peak Slope Disease
0 40 1 1 140 289 0 1 172 0 0.0 2 0
1 49 0 2 160 180 0 1 156 0 1.0 1 1
2 37 1 1 130 283 0 2 98 0 0.0 2 0
3 48 0 0 138 214 0 1 108 1 1.5 1 1
4 54 1 2 150 195 0 1 122 0 0.0 2 0

i = 2 #increment

accuracy_rate = []

for x in range (1, 10, i):
KNN_model = KNeighborsClassifier(n_neighbors=x,metric="euclidean")
KNN_model.fit(X_train, y_train)
y_pred = KNN_model.predict(X_test)
acc_rate = print('K',x,"'=",round(accuracy_score(y_test, y pred)*100 , 2))
accuracy_rate.append(acc_rate)

Figure 4. implementation of the K-NN method.

96
Accuracy
95
()
942
Precision >
[J]
93¢
£
Recall 25
(O]
91%
Fl-score 90

K-Value

Figure 5. K-Nearest Neighbor method test results.

nearest neighbors. By utilizing labeled datasets, K-NN
groups data into certain classes to predict the class of
new, unknown data. Operationally, the K-NN algorithm
calculates the distance between the test data and all train-
ing data, then selects the k data points with the shortest
distance as the nearest neighbors. The final result is de-
termined based on the class that appears most frequently
in those neighbors for classification cases, or the average
value of the nearest neighbors for regression cases [15]. In
the process of measuring distance, K-NN can use various
distance functions, where Euclidean distance is one of the

most commonly used metrics. The mathematical formu-
lation of Euclidean distance is shown in Equation 1 [22]:

Euclidean Distance
\/(a1 —by) + (a; — by) + -+ (a, — b,)?

@™

Where Euclidean distance is a method of measuring
distance used for calculations of real number type.

2.5 Confusion Matrix

Measuring the performance of a classification is im-
portant because it can determine the quality of a model.
This can be measured using the confusion matrix meth-
od. There are four parameters used to represent classifi-
cation results: True Positive (TP), which is data predicted
to be correct and is correct; True Negative (TF), which is
data predicted to be negative and is correct; and False
Positive (FP), which is data predicted to be correct and is
incorrect. False Negative (FN) is the opposite of TP [23].

Four evaluation metrics were used in this study: ac-
curacy, precision, recall, and F1-Score. Accuracy repre-
sents the percentage of correctly classified data, repre-
senting the ratio of the number of correct predictions to
the total test data. Precision measures the accuracy of
predictions in the positive class, representing the ratio of
the number of true positives (TP) to the total number of
positive predictions, consisting of true positives (TP) and
false positives (FP). Meanwhile, recall measures the mod-
el's ability to identify all data that truly fall into the posi-
tive class, calculated as the ratio of true positives (TP) to
the number of true positives (TP) and false negatives
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(FN). F1-Score, also known as F-measure, is used to as-
sess the balance between precision and recall, where the
F1-Score is obtained by multiplying the precision and
recall by the sum of the two [24].

3. Results and Discussion
3.1. Load Data

This research focuses on developing a machine
learning-based classification model using the K-Nearest
Neighbor (K-NN) method to predict heart failure. The
dataset used in this study is a heart failure dataset ob-
tained from the Kaggle platform, consisting of 918 patient
data. The dataset includes two classes: patients with indi-
cations of heart failure and patients without indications
of heart failure, with the heart disease class label repre-
senting the patient's cardiovascular condition. A total of
12 attributes are used as parameters in the classification
process, reflecting the patient's clinical and demographic
characteristics. The implementation of the K-NN algo-
rithm is carried out through data preprocessing stages to
ensure dataset quality and consistency, followed by di-
viding the data into training data and test data to build
and evaluate the predictive model. The K-NN model is
then used to classify the test data based on the proximity
of the data in the feature space. Model performance is
evaluated using accuracy, precision, recall, and f-measure
metrics to assess the effectiveness of the K-NN method in
producing accurate and reliable predictions in the case of
heart failure classification. This research uses the Python
programming language. This research begins by import-
ing the libraries to be used. A snippet of the program
code can be seen in Figure 3.

Figure 3 illustrates the initial stages of implementing
the machine learning method using the K-Nearest
Neighbors (K-NN) algorithm in this study. The process
begins with calling various libraries that support data
analysis and classification model development, including
NumPy and Pandas, which are used for processing and
manipulating numerical and tabular data. The KNeigh-
borsClassifier module from the scikit-learn library is uti-
lized as the core of the K-NN algorithm implementation,
while train_test_split and cross_val_score are used for
data splitting and cross-validation to evaluate model per-
formance more objectively. In the data preprocessing
stage, LabelEncoder is applied to convert categorical at-
tributes into numerical form for processing by the K-NN
algorithm. In addition, the Matplotlib and Seaborn librar-
ies are used to support data visualization and presenta-
tion of model evaluation results. Model performance
evaluation is conducted using several metrics available in
scikit-learn, including accuracy, precision, recall, F1-
score, confusion matrix, and classification report, which
aim to comprehensively assess the model's ability to clas-
sify heart failure patient data. The final stage is marked
by loading the heart failure dataset using the read_csv

function, which contains patient clinical data with the
heart disease label as the target variable, and is then used
as a basis for the preprocessing, training, and testing of
the K-NN model to build an accurate heart failure predic-
tion system.

3.2. Data Transformation

Data preprocessing is performed before applying the
K-Nearest Neighbors (K-NN) algorithm. At this stage,
categorical attributes are transformed into numeric form
using the Label Encoding method, considering that the K-
NN algorithm can only process data in numeric format.
Some of the categorical attributes encoded include the
variables Sex, ChestPainType, RestingECG, ExerciseAn-
gina, and ST_Slope, which represent patient clinical char-
acteristics related to cardiovascular conditions. The en-
coding process is carried out by initializing a LabelEn-
coder object and applying the fit_transform function to
map each category into a discrete numeric value. This
transformation aims to ensure that all features in the da-
taset are in a format that can be processed computational-
ly by the K-NN model without losing any categorical in-
formation contained therein. After the encoding process
is complete, the data.head() function is used to display
the first few rows of the dataset as a verification step
against the results of the data transformation.

Table 1 displays the results of data transformation
after going through the preprocessing stage, specifically
the label encoding process for categorical attributes in the
heart failure dataset. All attributes in the dataset are now
in numeric format, ready for use in the modeling stage
using the K-Nearest Neighbor (K-NN) algorithm. Con-
tinuous numeric attributes such as Age, RestingBP, Cho-
lesterol, MaxHR, and Oldpeak are retained in their origi-
nal values, while categorical attributes such as Sex,
ChestPainType, RestingECG, ExerciseAngina, and
ST_Slope have been successfully converted to discrete
numeric values. Furthermore, the HeartDisease attribute
is used as the target variable (class label) representing the
patient's condition, where a value of 1 indicates heart dis-
ease, while a value of 0 indicates the opposite. This trans-
formation ensures there are no non-numeric values in the
dataset, allowing for optimal distance calculations in the
K-NN algorithm. Thus, the transformed dataset is ready
for use in the training and test data division stages, as
well as in the development and evaluation of heart fail-
ure classification models.

3.3. Splitting data

Data splitting is the process of dividing a dataset in-
to three main parts: a training set, a validation set, and a
testing set. This is done to ensure that the machine learn-
ing model is properly learned. The data split stage in-
volves dividing the dataset into training and testing sets
before applying the K-Nearest Neighbor (K-NN) algo-
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rithm. Data splitting is performed wusing the
train_test_split function from the scikit-learn library, with
90% of the data used as training data and 10% as testing
data (test_size = 0.1). This proportion is chosen to provide
sufficient data for the model learning process while re-
taining a representative portion of the data to test the
model's generalization ability on data that has not been
previously trained. The random_state = 1 parameter is
used to ensure that the data splitting process is consistent
and can be replicated in subsequent experiments. The
variable X represents a set of independent attributes or
features, while y is the target variable that indicates the
class of heart failure conditions. The splitting results in
four data subsets: X_train and y_train as training data,
and X_test and y_test as test data. The X_train.head()
command is used to display the first few rows of training
data as a verification step for the results of data division.

Figure 4 is the program code used to test the per-
formance of the K-NN algorithm with varying values of
the number of neighbors (K) and see its effect on the level
of model accuracy. At the beginning of the program, the
variable i is set to 2 which functions as the interval for
increasing the value of K, so that the K values tested are
1,3, 5,7, and 9. In addition, an empty list accuracy_rate is
created which aims to store the accuracy value of each
trial value of K. Next, the program loops using for x in
range(1, 10, i) to test several different values of K. At each
iteration, a KNN model is created with the parameter
n_neighbors valued at x and uses the Euclidean distance
metric to measure the closeness between the data. The
model is then trained using the training data (X_train and
y_train) and used to predict labels on the test data
(X_test). The prediction results are stored in the variable
y_pred. After the prediction process, the model accuracy
is calculated by comparing the predicted results (y_pred)
and the actual labels (y_test) using the accuracy_score
function. The accuracy values are then converted to per-
centages and rounded to two decimal places before being
displayed for each tested K value. However, the printed
accuracy values are not actually stored in the accura-
cy_rate list because the print() function does not return a
value. Overall, this code aims to evaluate the perfor-
mance of the KNN model based on varying K values to
determine the number of neighbors that produces the
best accuracy.

3.5. K-NN performance analysis

This section discusses the performance analysis of
the K-NN method based on the variations in the tested K
value. Performance evaluation was conducted using sev-
eral metrics, namely accuracy, precision, recall, and F1-

score, to determine the effect of changes in the K value on
the model's classification ability. Detailed testing results
for the K-NN method are presented in Figure 5.

Figure 5 shows the results of testing the K-NN
method. It can be seen that variations in the K value af-
fect model performance. At K =1, the model produces an
accuracy of 93.48%, a precision of 96.23%, a recall of
92.73%, and an Fl-score of 94.44%, indicating excellent
performance, especially in terms of precision. However,
using a K value that is too small can potentially make the
model sensitive to noise. At K = 3, all metrics decreased,
with an accuracy of 91.3% and an F1-score of 92.59%, in-
dicating that increasing the number of neighbors did not
provide an increase in performance. The most significant
decrease occurred at K = 5, where the accuracy, recall,
and Fl-score were 89.13%, 89.09%, and 90.74%, respec-
tively, so this K value can be said to be less than optimal
for the data used. Furthermore, at K = 7, the model per-
formance increased again with an accuracy of 92.39% and
an Fl-score of 93.69%, indicating the model was starting
to become more stable. The best overall performance was
obtained at K =9, with an accuracy of 93.48%, a recall of
96.36%, and an F1-score of 94.64%, indicating a good bal-
ance between precision and recall. Therefore, it can be
concluded that K = 9 is the most optimal K value in this
test because it provides the most balanced and stable per-
formance in the KNN method.

4. Conclusion

Based on the test results, it can be concluded that the
K-NN method is able to provide good classification per-
formance on the data used in this study. The variation in
the applied K value shows a significant effect on model
performance, as seen from changes in accuracy, precision,
recall, and F1-score values in each test scenario. A K val-
ue that is too small tends to produce high precision but
has the potential to make the model sensitive to noise,
while a larger K value can improve model stability and
generalization ability. The evaluation results show that a
value of K =9 produces the best overall performance with
an accuracy of 93.48%, a recall of 96.36%, and an F1-score
of 94.64%. This value shows an optimal balance between
precision and recall, so that the model is not only able to
minimize prediction errors but is also effective in identi-
tying all data in the positive class. Therefore, a value of K
=9 can be recommended as the optimal parameter in the
application of the K-NN method in this study. For further
development, future research can consider using cross-
validation techniques, distance weighting, or combining
the K-NN method with other algorithms to improve
model accuracy and robustness.
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