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Abstract:

Heart disease has become a global health issue that can threaten anyone, regardless of age. Numerous research
efforts have been made to develop classification methods that can aid in diagnosing heart disease. In this study, we
compared two classification methods, namely K-Nearest Neighbor (KNN) and Decision Tree, by applying Principal
Component Analysis (PCA) technique to the heart disease classification. The dataset used contains relevant clinical
attributes. After analyzing the dataset and performing data preprocessing, we applied PCA to reduce the dataset's
dimensions. PCA models with KNN and Decision Tree were implemented and evaluated using performance metrics
such as Confusion Matrix, F1 Score, and Accuracy. The analysis results showed that the PCA model with Decision
Tree outperformed the PCA model with KNN in terms of accuracy. The Decision Tree model successfully classified
all data correctly, while KNN had some misclassifications. This research recommends using the PCA model with
Decision Tree for heart disease classification with the best performance. However, further research with larger
datasets is needed for a deeper understanding.

Keywords: K-Nearest Neighbor, Decision Tree, Principal Component Analysis, Penyakit Jantung, Analisis.
Dataset link:

1. Introduction

The heart is a vital organ essential for living beings, especially humans, as it functions to pump blood
throughout the body to ensure proper blood circulation every day. However, the heart also poses a threat to
humans when it experiences disorders or diseases. According to data from the World Health Organization
(WHO), heart disease is the leading cause of death worldwide, with approximately 17.9 million deaths
annually. Therefore, early and accurate diagnosis of heart disease is crucial to provide appropriate treatment
and reduce the risk of more serious complications.

In the field of medicine, the use of classification methods becomes an effective approach to diagnose heart
disease based on various clinical attributes. Two commonly used classification methods in medical data
analysis are K-Nearest Neighbor (KNN) and Decision Tree. KNN is a method based on the concept of nearest
neighbors, where a data point is classified based on the majority class of its nearest neighbors. On the other
hand, Decision Tree is a method that uses a decision tree to represent decision rules based on the features of
the data.

87



88 Indonesian Journal of Data and Science

One of the challenges in medical data analysis is the high dimensionality of attributes. Numerous attributes
can impact the performance and interpretation of classification results. Therefore, an effective dimension
reduction technique, such as Principal Component Analysis (PCA), is needed to reduce data complexity while
preserving relevant information. The use of PCA in heart disease classification can optimize the performance
of the classification model, identify important features, and facilitate overall data analysis.

However, there is still a lack of research comparing the performance of KNN and Decision Tree using PCA
technique in heart disease classification. Hence, this study aims to compare both methods in classifying heart
disease using PCA technique. It is expected that this research will provide a deeper understanding of the
effectiveness and advantages of each method in heart disease classification and the contribution of PCA
technique in improving classification performance.

2. Method

The general stages of this research include problem identification, data collection, system design, coding,
and drawing conclusions. The detailed research stages are as follows:

Deslrips Dataset

Penvyalit Jantung
¥

Analisis Diataset

v
. Implementasi
ﬁﬂ'ﬁliﬁ # metods Decizion » Evalnasi

T Tree

Figurel. Tahap Desain Penelitian Sistem yang dilakukan

Based on Figure 1, the stages of the research system design are as follows:

1. The first stage involves preparing the segmented heart disease dataset. The dataset is sourced from
Kaggle and contains 1025 samples with 14 attributes/features. The explanation of the
attributes/features used is as follows:

- age: contains age data

- sex: contains gender data

- cp: contains brain paralysis data

- trestbps: contains blood pressure data

- chol: contains cholesterol data

- fbs: contains blood sugar data

- restecg: contains electrocardiogram data

- thalach: contains maximum heart rate data

- exang: contains chest pain data

- oldpeak: contains ST segment depression data
- slope: contains ST segment slope data

- ca: contains cancer data

- thal: contains heart status data

- target: contains the target/variable to be predicted
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The second stage involves analyzing the heart disease dataset, including the structure analysis,
handling missing values, and obtaining statistical summaries of the dataset. The heart disease dataset
consists of 1025 data samples without any missing values. The statistical summary of the heart disease
dataset provides descriptive information about the numerical columns in the dataset. It gives an initial
understanding of the data distribution and variation of values in each column. Some statistics included
in the descriptive summary are as follows:
- count: the number of non-null data in the column.
- mean; the average value of data in the column.
- std: the standard deviation, indicating the spread of data from the mean value.
- min: the smallest value in the column.
- quartiles (25%, 50%, 75%): values that divide the data into four equally sized groups. The 50th
percentile (50%) represents the middle value or median.
- max: the largest value in the column.
The third stage involves data preprocessing to prepare the dataset for classification. In this stage, the
dataset is split into features (X) and variables (Y) and undergoes preprocessing using StandardScaler.
The formula for preprocessing using StandardScaler is as follows:
- Calculating the mean (average) of each feature in the dataset:
mean =sum(x) / n
- Calculating the standard deviation of each feature in the dataset:
std_deviation = sgrt(sum((x - mean)”2) / n)
- Standardizing each value in the features using the formula:
x_scaled = (x - mean) / std_deviation
In the formula above:

- x: the original value of the feature in the dataset.

- mean: the mean of the feature in the dataset.

- std_deviation: the standard deviation of the feature in the dataset.
- X_scaled: the standardized value of the feature in the dataset.

By performing preprocessing using StandardScaler, the features in the dataset will have a mean of 0
and a standard deviation of 1. This helps improve the performance of the classification model,
especially if the method used is sensitive to data scaling.

The fourth stage involves applying dimensionality reduction technique, namely Principal Component
Analysis (PCA), to reduce the dimensions of the heart disease dataset. PCA is used to identify the
principal components that contribute the most to data variance. Manually, PCA has the following
procedural formulas and steps:
- PCA aids in the normalization process, where each data variable is transformed to have a
mean of zero and variance of one, using the formula:

xX—X
X =
o

In the formula above:
x’ = normalized variable value
X = original variable value
X = mean of the variable
o = standard deviation of the variable

- PCA calculates the covariance matrix with the formula
1 _ _
- Cow(X, —X ) = EZZ=1 Kpi =% ) (Xyj —%; )
dimana:
Cov (X; —X; ) =kovarians (X; —X; )
n = number of samples
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Xy = value of variable X; in sample ke-k

X; = mean value of variable X;
X

7 = mean value of variable X;

- Next, PCA computes the eigenvalues and eigenvectors with the equation:
Cv=2Av
In the formula above:

C = Matriks Kovarians
v = Vektor Eigen
A = Nilai Eigen

- Finally, PCA selects the principal components

The fifth stage involves classifying heart disease using the K-Nearest Neighbor (KNN) method. In
this stage, the KNN model will be trained using the training data that has gone through the
dimensionality reduction using PCA, and then used to make predictions on the testing data. Manually,
KNN has the following procedural formulas and steps:

- Menghitung jarak
dixy) =
dimana :
d(x,y) = jarak antara data baru x dan data latih y
n = jumlah fitur atau atribut dalam data
X; = nilai atribut ke-i dari data baru x
Vi = nilai atribut ke-i dari data baru y

- Menentukan tetangga terdekat
- Mengklasifikasikan data baru

The sixth stage involves classifying heart disease using the Decision Tree method. In this stage, the
Decision Tree model will be trained using the training data that has gone through dimensionality
reduction using PCA, and then used to make predictions on the testing data. Decision tree also has
useful procedures and manual steps as follows:
- Mengukur keberagaman (Impurity Measure)
Pengukuran keberagaman memiliki 2 jenis yakni
e Entropy
A measurement of uncertainty in the data.

Entropy (D) = -Zi-,p:log(p:)

dimana :

Entropy (D) = entropy of the data set D

c = number of classes in the data

D = proportion of the number of samples belonging to class i to

the total samples
e Gini Index
A measurement of the level of classification error if one object is randomly
chosen.
Gini (D)=1-Z¢, p?
where:
Gini (D) = Gini index of the data set D
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c = number of classes in the data
12 = proportion of the number of samples belonging to class i
to the total samples

- Selecting the best feature (Best Split)
The selection of the best feature has 2 types, namely:
e Information Gain
Measures the reduction of entropy achieved by splitting data based on a particular

feature.
Dy
IG(D,F) = Entropy (D) - Zyevatuestr) oo Entropy (Dy)
where:
IG(D,F) = information gain of the data set D by dividing it based on feature F

Entropy (D) = entropy of the data set D

Values(F) = set of possible values of feature F

D, = subset of data D where feature F has value v
|D,| dan |D| = number of samples in D_v and D, respectively

e Gini Gain
Measures the reduction of Gini index achieved by splitting data based on a

particular feature
Dy

GG(D,F) = Gini (D) - ZveValues(F) % - Gini (Dy)
where: :
GG(D,F) = gini gain of the data set D by dividing it based on feature F
Gini (D) = initial Gini index of the data set D
Values(F) = set of possible values of feature F
D, = subset of data D where feature F has value v
|D,| dan |D| = number of samples in D_v and D, respectively

7. The seventh stage involves evaluating the performance of the KNN and Decision Tree models on the
reduced heart disease classification data. Evaluation is done using evaluation metrics such as
confusion matrix, f1-score, and accuracy. The goal of this stage is to compare the performance of the
two methods and evaluate how effective they are in classifying heart disease based on the processed
and reduced dataset using PCA.

Data Mining

Data Mining is a process of extracting or filtering valuable information from a large set of data through
various processes to gain insights from the data. Data mining utilizes various methods such as classification,
clustering, association, regression, prediction, forecasting, sequencing, and descriptive techniques, depending
on the specific case being addressed.

K-Nearest Neighbor (KNN)

K-Nearest Neighbor is a machine learning algorithm used for classification or regression on a dataset. The
KNN algorithm can be used on datasets with numerical or categorical values. The working principle of the
KNN algorithm is to find the K nearest neighbors of a new data point to be predicted and then choose the
majority class of those K nearest neighbors as the prediction for the new data point. If used for regression, the
KNN algorithm predicts the numerical value of a new data point by taking the average of the K nearest
neighbors' values.

Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a data analysis technique used in statistics and machine learning
to reduce the dimensions of a dataset. The goal of PCA is to reduce the complexity of a dataset by projecting
it into a lower-dimensional space while preserving the relevant information of the dataset. PCA looks for linear
combinations of variables in the dataset that have high variance. These combinations are called principal
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components and are used to represent the dataset in a lower-dimensional space. The first principal component
captures the highest variance in the dataset, and subsequent principal components capture the variance that is
not present in the previous principal components.

Decision Tree

Decision Tree is a machine learning algorithm that uses a tree-like structure to perform classification and
regression. This algorithm solves problems by depicting decision rules in the form of a tree, where each branch
represents a decision based on specific conditions. Decision tree works by dividing the dataset based on the
most significant attribute to separate the data into different classes. Each branch in the tree represents a
condition or rule that the data must satisfy. The results of each branch are predictions or decisions made by the
algorithm.

3. Results and Discussion

Performance Analysis of K-Nearest Neighbor (KNN)
In the code that has been implemented, the K-Nearest Neighbors (KNN) method is applied for heart disease
classification. From the analysis conducted, the following information is obtained:
1. The normalized dataset is divided into two sets, training and testing, with a proportion of 80:20 (80% data
for training, 20% data for testing).
2. Classification is performed using the KNN method, and the following evaluation results are obtained:
a. Confusion Matrix:
- There are 71 data correctly classified as non-heart disease (true negative).
- There are 31 data falsely classified as hon-heart disease (false positive).
- There are 9 data falsely classified as heart disease (false negative).
- There are 94 data correctly classified as heart disease (true positive).
b. F1 Score :
- The F1 score of 0.82 indicates a relatively good performance of the model in predicting heart disease
classification. A high F1 score indicates a good balance between the model's precision and recall.
c. Accuracy :
- The accuracy of 80.49% indicates the percentage of successful classification of data. Although this accuracy
is relatively high, it is essential to note that other evaluation results such as Confusion Matrix also provide
important information about misclassifications.

Performance Analysis of Decision Tree
In the code that has been implemented, the Decision Tree method is applied for heart disease classification.
From the analysis conducted, the following information is obtained:
1. The normalized dataset is divided into two sets, training and testing, with a proportion of 80:20 (80%
data for training, 20% data for testing).
2. Classification is performed using the Decision Tree method, and the following evaluation results are
obtained.
a. Confusion Matrix:
- There are 102 data correctly classified as non-heart disease (true negative).
- There are 0 data falsely classified as non-heart disease (false positive).
- There are 3 data falsely classified as heart disease (false negative).
- There are 100 data correctly classified as heart disease (true positive).
b. F1 Score:
- The F1 score of 0.99 indicates a relatively good performance of the model in predicting heart disease
classification. A high F1 score indicates a good balance between the model's precision and recall.
c. Accuracy:
- The accuracy of 98.54% indicates the percentage of successful classification of data. Although this accuracy
is relatively high, it is essential to note that other evaluation results such as Confusion Matrix also provide
important information about misclassifications.

Performance Analysis of K-Nearest Neighbor (KNN) with PCA
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In the code that has been implemented, PCA (Principal Component Analysis) is implemented,
followed by the application of the K-Nearest Neighbors (KNN) method for heart disease classification.
From the analysis conducted, the following information is obtained:

1. The normalized dataset, after dimensionality reduction using PCA, results in 2 principal components
that represent linear combinations of the original features in the heart disease dataset. 'X_pca'
represents the representation of the dataset that has been reduced in dimensions.

2. The 'X_pca' feature dataset is divided into two sets, training and testing, with a proportion of 80:20
(80% data for training, 20% data for testing).

3. Classification is performed using the KNN method, and the following evaluation results are
obtained.

a. Confusion Matrix:

- There are 75 data correctly classified as non-heart disease (true negative).

- There are 27 data falsely classified as non-heart disease (false positive).

- There are 16 data falsely classified as heart disease (false negative).

- There are 87 data correctly classified as heart disease (true positive).

b. F1 Score:

- The F1 score of 0.80 indicates a relatively good performance of the model in predicting heart disease
classification. A high F1 score indicates a good balance between the model's precision and recall.

c. Accuracy:

- The accuracy of 79.02% indicates the percentage of successful classification of data. Although this accuracy
is relatively high, it is essential to note that other evaluation results such as Confusion Matrix also provide
important information about misclassifications.

Performance Analysis of Decision Tree with PCA

In the code that has been implemented, PCA (Principal Component Analysis) is implemented, followed by

the application of the Decision Tree method for heart disease classification. From the analysis conducted.

1. The normalization of the dataset followed by dimensionality reduction using PCA resulted in 2
principal components representing linear combinations of the original features in the heart disease
dataset. 'X_pca' represents the reduced dimensionality representation of the dataset.

2. The 'X pca' feature dataset is divided into two sets, training and testing, with a proportion of 80:20
(80% data for training, 20% data for testing).

3. Classification is performed using the K-Nearest Neighbors (KNN) method, and the following
evaluation results are obtained.

a. Confusion Matrix:

- There are 102 data correctly classified as non-heart disease (true negative).

- There are 0 data falsely classified as non-heart disease (false positive).

- There are 0 data falsely classified as heart disease (false negative).

- There are 103 data correctly classified as heart disease (true positive).

b. F1 Score:

- Obtained an F1 score of 1.0. This score indicates excellent performance in classifying data into the correct
classes.

c. Accuracy:

- Achieved an accuracy level of 100%. This indicates that the KNN model can correctly classify all testing
data.

Comparison of KNN & Decision Tree Performance
Table 1. Comparison of Classification Model Performance

KNN Decission Tree PCA & KNN PCA & Decision Tree

Confusion Matrix [[71 31] [[102 0] [[75 27] [[102 0]
[994]] [ 31007]] [16 871] [ 0103]]
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KNN Decission Tree PCA & KNN PCA & Decision Tree
F1 Score 0.82 0.99 0.80 1.0
Accuracy 80.49% 98.54% 79.02% 100.0%

K-Nearest Neighbor (KNN):

- Confusion Matrix: The matrix shows that the KNN model made some errors in classifying the testing
data. There are 31 data from the negative class falsely classified as positive, and 9 data from the positive
class falsely classified as negative.

- F1 Score: The obtained F1 score is 0.82, indicating that the KNN model has a good balance between
precision and recall in predicting the target classes, but not as high as the Decision Tree model.

- Accuracy: The accuracy of the KNN model reaches 80.49%, meaning that the model successfully classifies
most of the testing data correctly, but slightly lower compared to the Decision Tree model.

Decision Tree:
- Confusion Matrix: The matrix shows that the Decision Tree model made some errors in classifying the
testing data. There are 3 data from the positive class falsely classified as negative.
- F1 Score: The obtained F1 score is 98.5365, indicating that the Decision Tree model has a good balance
between precision and recall in predicting the target classes.
- Accuracy: The accuracy of the Decision Tree model reaches 98.54%, meaning that the model successfully
classifies most of the testing data correctly.

PCA & K-Nearest Neighbor (KNN):

- Confusion Matrix: The matrix shows that the implementation of PCA on the KNN model made some
errors in classifying the testing data. There are 27 data from the negative class falsely classified as positive,
and 16 data from the positive class falsely classified as negative..

- F1 Score: The obtained F1 score is 0.8018, indicating that the KNN model with PCA has a good balance
between precision and recall in predicting the target classes, but not as high as the Decision Tree model.

- Accuracy: The accuracy of the KNN model with PCA reaches 79.02%, meaning that the model
successfully classifies most of the testing data correctly, but slightly lower compared to the Decision Tree
model.

PCA & Decision Tree:
- Confusion Matrix: The matrix shows that the implementation of PCA on the Decision Tree model
perfectly classifies all testing data correctly, with no errors in classification.
- F1 Score: The obtained F1 score is 1.0, indicating that the Decision Tree model with PCA has an excellent
balance between precision and recall in predicting the target classes.
- Accuracy: The accuracy of the Decision Tree model with PCA reaches 100%, meaning that the model
successfully classifies all testing data correctly.
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4, Conclusion

Perbandingan Akurasi Klasifikasi Penyakit Jantung

Accuracies

KNMN Decision Tree PCA + KNN PCA + Decision Tree
Algorithms

Figure 2. Comparison of Classification Model Accuracy Graph

Based on the analysis of the performance comparison between the KNN and Decision Tree models on the
testing of the heart disease dataset, it can be concluded that the Decision Tree model provides better
performance with high F1 scores and higher accuracy. The implementation of PCA on the Decision Tree model
resulted in excellent performance, achieving 100% accuracy and an F1 score of 1.0. However, the
implementation of PCA on the KNN model still yields lower performance compared to the Decision Tree
model. It can be said that the dimension reduction of PCA can help improve accuracy in the Decision Tree
model, but it is less effective in the KNN model, as it actually reduces accuracy. Therefore, if the main goal is
to predict heart disease classification with high accuracy, then the Decision Tree model with or without PCA
is a better choice. However, it is essential to note that model performance may vary depending on the dataset
and parameters used.
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