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Abstract—Heart failure disease is a serious condition that is significant in affecting both a person's quality of life and health. Therefore,
it is important to develop classification methods that can help detect this disease. In this research, a data preprocessing stage is
performed before being used to classify heart failure diseases using machine learning models, such as K-NN. Data preprocessing is an
effort to simplify data analysis and ensure accurate results, and it is a very essential step in analyzing data to improve the quality of the
data used. The dataset used in this research is raw data that has not gone through the preprocessing stage. The dataset consists of 918
data with target attributes of 0 and 1, where a value of 0 indicates a normal condition and a value of 1 indicates a potential heart failure
condition. Data preprocessing includes data cleaning, data transformation, and data normalization. The main objective of this research
is to carry out the preprocessing stage on data derived from heart failure disease datasets. Based on the comparison between two
normalization methods, namely Min-Max and Simple Feature Scale, it is found that the Simple Feature Scale normalization method
has the best performance, with an accuracy rate of 85%, while the Min-Max normalization method only reaches 84%.
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1. INTRODUCTION

The heart is a vital organ in the body responsible for pumping blood to supply oxygen and nutrients throughout the body.
Even during sleep, the heart maintains a continuous rhythm. Humans lack the ability to regulate their heart rate while the
heart is actively pumping blood [1]. Heart failure is a prevalent and lethal global health issue. Early identification and
prediction of heart failure are crucial to minimize risks and increase survival rates of patients [2]. Patient medical data is
commonly utilized and analyzed by machine learning algorithms to predict the probability of heart failure [3]. Heart
failure is a condition where the heart is unable to pump blood efficiently enough to meet the body's demands. Its diagnosis
and management require a thorough understanding of cardiac physiology and a multidisciplinary approach. Certain
factors, including high blood pressure, diabetes, obesity, smoking, and hereditary conditions, may contribute to the
development of this disease [4].

The diagnosis of heart failure necessitates a comprehensive assessment of symptoms, medical history, physical
examination findings, and medical test results. Nonetheless, technological advances and machines' data processing
capabilities have enabled the application of machine learning approaches to bolster diagnosis and forecasting of this
ailment. [5]. One machine learning method that can be utilized is the K-Nearest Neighbor (K-NN) technique [6]. This
method works by classifying new data based on training data that has characteristics or features similar to the new data.
In this case, the K-NN method can be used to predict a person's likelihood of experiencing heart failure based on collected
medical data, such as age, gender, blood pressure, blood sugar levels, etc [7]. Conducting analysis and predictions using
the K-NN method can be used for early prevention and treatment so as to minimize the risk of heart failure in a person.

Preprocessing is essential as the initial stage in this research. Its aim is to ready raw data for the subsequent phase.
Data preprocessing methods exist in several forms, one of which is the conversion of information to a compatible format
for processing by the system. Data preprocessing methods exist in several forms, one of which is the conversion of
information to a compatible format for processing by the system. Data preprocessing methods exist in several forms, one
of which is the conversion of information to a compatible format for processing by the system. Data is preprocessed to
obtain more precise outcomes [8]. Data preprocessing involves removing irrelevant information and converting data into
a format that is optimized for system processing. In line with conventional academic structure, the text will adhere to
established guidelines for citation, footnote style, and institution formatting. Its purpose is to enhance the accuracy of
results, decrease computational time, and reduce the space occupied by the data while preserving its content. Technical
terminology will be explained upon first use, and sentences will be written in simple, objective language using standard
syntax. Data preprocessing can comprise several activities, such as data cleaning, data integration, data reduction, and
data transformation [9]. Some datasets have varying value ranges for individual attributes, causing certain attributes to
underperform due to their significantly smaller value range. To ensure accuracy, normalization is required to standardize
the value range for each attribute on a specific scale. To ensure accuracy, normalization is required to standardize the
value range for each attribute on a specific scale. This process improves accuracy in data analysis [10].

Classification is a component of machine learning that involves building a model to predict target-class objects.
The model typically consists of a set of training data with known labels. Classification functions are applied to predict
the class of an unknown object. The process of classification involves three stages: model construction, model application,
and evaluation. Model building involves using training data with pre-existing attributes and classes to create a model.
This model is then applied to classify new data or objects. The next step involves evaluating the level of accuracy in
building and applying the model to new data. Classification consists of two key processes: the training process and the
testing process [11].
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Data normalization standardizes medical feature values to remove bias and ensure they impact the learning process
equally [12]. In this case, we will compare normalized data on heart failure using the K-Nearest Neighbor (K-NN)
algorithm [13]. Datasets with varying ranges for each attribute possess values much smaller than others, making data
normalization techniques necessary for properly normalized data. Methods for normalization include Min-Max
normalization, simple feature scaling, decimal scaling, and Z-Score [14][15].

This study aims to review data preprocessing techniques to build a K-NN model using a dataset of heart failure.
The dataset used in this study is numerical and categorical. This study will explain the use of the preprocessing stage
using two normalization techniques, namely Min-Max and Simple Feature Scale before using the K-NN method in
predicting heart failure based on medical data. So that it can be used as a comparison and reference which normalization
method is suitable for use in this dataset and get precise accuracy results. It is hoped that this research can help further
research to develop classification methods using preprocessing stages that can produce the best results. Previous research
that has been carried out by many researchers can be seen in Table 1

Table 1. Comparison of previous research

Author Tittle and year Dataset Method

[9] Perbandingan Normalisasi Data untuk Klasifikasi Wine Dataset Wine Min-max
Menggunakan Algoritma K-NN Z-Score
(2019) K-NN

[11] Perbandingan Normalisasi Data untuk Klasifikasi Wine Dataset Wine Min-max
Menggunakan Algoritma Naive Bayes, Decision Tree, dan Z-Score
Support Vector Machine Desimal Scale
(2021) Naive Bayes

Decission Tree
Support Vector Machine

[14] Comparison of Min-Max normalization and Z-Score Dataset Breast Min-max
Normalization in the K-nearest neighbor (KNN) Algorithm  Cancer Z-Score
to Test the Accuracy of Types of Breast Cancer K-NN
(2021)

[16] Data Mining Model Klasifikasi Menggunakan Algoritma Dataset Diabetes Min-max
K-Nearest Neighbor Dengan Normalisasi Untuk Prediksi Z-score
Penyakit Diabetes K-NN
(2022)

This  Preparing Dual Data Normalization for KNN Classfication = Dataset Heart Min-max

study  in Prediction of Heart Failure Failure Simple feature scale
(2023) K-NN

Table 1 Table 1 is a comparison of data normalization methods for various classification problems exemplified in
these studies covering some related research. The first study, conducted by [9] in 2019, focused on wine classification
using the K-NN algorithm. This study used two normalization methods, namely Min-max and Z-Score to process data
from the Wine dataset. The next study, conducted by [11] in 2021, also focused on wine classification, but they compared
more methods, including Min-max, Z-Score, Decimal Scale, Naive Bayes, Decision Tree, and Support Vector Machine.
They expanded the scope of the research by using more classification methods and normalization methods. In addition,
[14] in 2021 compared the Min-max and Z-Score normalization methods in the context of the K-NN algorithm to test the
accuracy in classifying breast cancer disease types from the Breast Cancer dataset. Meanwhile, [16] also used the K-NN
algorithm in 2022, but they focused on the Diabetes dataset. They used Min-max and Z-Score as data normalization
methods for diabetes prediction. Finally, in a recent study in 2023, a study that has not been clearly identified has been
conducted to predict heart failure. They used the Heart Failure dataset and normalization methods such as Min-max and
Simple feature scale, with the K-NN algorithm. This study introduced variations in the normalization methods used.
Overall, this comparison table illustrates how different data normalization methods, such as Min-max, Z-Score, Decimal
Scale, and Simple feature scale, are used in different classification contexts, using different datasets, and different
algorithms. These studies aim to understand the effectiveness of normalization methods in improving prediction accuracy
in different cases of classification problems.

2. RESEARCH METHODOLOGY

In research conducted by [17] preprocessing of data is carried out to prepare data so that it can be presented using data
processing algorithms that are widely used and used for each processing step in data mining. The datasets used in this
study are in the form of text and numbers. In another study conducted by [18] The data underwent five stages of
preprocessing: data cleaning, data reduction, data scaling, data transformation, and data partitioning. The dataset utilized
for this study comprises categories and numerical figures. The results of this analysis contribute to the advancement of
data-driven research in the field of buildings.
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In the research that will be carried out using datasets in the form of categories and numeric This research will
explain the preprocessing process on categorical and numerical data using two normalization methods as the first step
before the accuracy calculation process is carried out using one of the classification methods, namely K-NN.

K-Nearest Neighbor (K-NN) is a machine learning classification method that predicts outcomes using its nearest
neighbors or the majority of its k nearest neighbors. Footnotes will follow a consistent format, and citations should adhere
to style guides. Filler words will be excluded, and contractions will be avoided. Bias will be avoided through indicative
phrasing. Finally, correct spelling, grammar, and punctuation are essential. K-Nearest Neighbor (K-NN) is a machine
learning classification method that predicts outcomes using its nearest neighbors or the majority of its k nearest neighbors.
This process classifies each new data point based on its membership in the class of its closest neighbor. Precision in
vocabulary will be prioritized over layman's terms. The language will be objective, with no figurative or ornamental
language, and oftentimes presented in a passive tone or in the third person. The value of k, which represents the number
of nearest neighbors used for classification, determines the basis for classification, and therefore, this method is called K-
Nearest Neighbor. Technical terms will be explained when first used. Sentences will be kept simple and direct, and the
paragraph's purpose will be apparent [19].

Cleaning data means cleaning raw data for further analysis. Raw data is often imperfect, unstructured, or
contains errors, discrepancies, or missing values. Therefore, data cleaning is carried out to ensure the data is in the right
condition, consistent, and reliable before being used in analysis or modeling [18].

Data transformation is a method for standardizing attribute values to a common form. The technique ensures a
logical flow of information, with causal connections between statements. Complex terminology and sprawling
descriptions are avoided in favor of concise, clear sentences. Technical abbreviations are explained upon first usage.
Academic writing sections are consistently structured, formatted, and cited. The language maintains a formal register,
free of contractions, colloquial words, and informal expressions. Clear and objective language is used, avoiding
emotional, biased, figurative, or ornamental vocabulary. The text remains balanced, precise, and grammatically correct,
avoiding bias and utilizing subject-specific vocabulary where appropriate. Data transformation is necessary in this study
as the dataset includes categorical attributes. By converting the data into numeric form through transformation, accuracy
values can be calculated more easily and accurately. Transformations can enhance the effectiveness of models or
algorithms utilized for data analysis. It is imperative to maintain objectivity by excluding subjective evaluations, ensuring
clear and concise language with a logical flow of information, and avoiding biased or ornamental language. Additionally,
adherence to a conventional structure, high-level language with consistent technical terms, and formal register is
important. Precise word choice and grammatical accuracy, including consistent citation format, are also crucial. Finally,
balanced language through hedging and avoiding bias are essential [20].

Data normalization is the most frequently used technique in research. Data normalization is used to scale the data
of an attribute so that it is in a smaller range [21]. Data normalization facilitates research by providing several benefits,
including easier application of machine learning algorithms, increased effectiveness of algorithms, and the ability to
analyze data using specific methods. Normalization is necessary to prevent bias in analysis resulting from differences in
attribute value ranges. The study will utilize two methods of normalization: Min-Max normalization and simple feature
scaling. Min-max normalization reduces each attribute value to its minimum and divides it by the difference between the
maximum and minimum values. This method transforms data into a range between 0 and 1. Use it when an attribute has
varied values and the formula for this method is:

— Xold—Xmin 1)

X =
new
Xmax~Xmin

X,q Tepresents the attributes for each dataset, where x,,,;,, is the minimum value for each attribute in the dataset and
Xmax 1S the maximum value for each attribute in the dataset.

Simple feature scale normalization is a normalization method that is carried out by dividing each attribute value
by the maximum value that exists in each attribute. The formula for this method is:

_ Xold
Xnew = x:lax 2

X4 TEpresents the attributes for each dataset and x,,,,, is the maximum value for each attribute in the dataset.

The study framework initially involves selecting the dataset in the first step. Next, the data will undergo
preprocessing utilizing data cleaning techniques, data transformation, and data normalization in the second step. The
complete data will then undergo preprocessing in the third step to calculate the accuracy of the K-NN classification
method. For more information, please refer to Figure 1. Research Framework.
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Figure 1. Research framework

Figure 1 depicts the steps or framework procedures that are to be conducted in this study to facilitate data analysis
with the K-NN model. The initial step consists of selecting the data for analysis. The dataset used in this study was
obtained from Kaggle.com, which has been previously utilized in several research studies. The second stage involves data
preprocessing, encompassing various stages such as data cleaning, data transformation, and data normalization.
Following the rigorous preprocessing of data, it will be utilized for the K-NN model. In this study, data cleaning will be
executed by removing or correcting data that may cause inaccuracies harmful to analysis and/or machine learning
applications. The data transformation process in this study converts categorical data into numerical data, thereby
simplifying data processing for analysis. The normalization process aims to convert data values into a more specific or
relative range, ensuring that each variable has a balanced and equal proportion. This study utilized two normalization
methods: Min-Max and simple feature scaling. This study compares the values derived from the min-max normalization
and simple feature scale. The aim is to determine which method produces more accurate results. The findings reveal that
the simple feature scale yields more precise values. The study highlights the relevance of selecting the most appropriate
normalization method based on the data characteristics and objectives of the research.

3. RESULT AND DISCUSSION

3.1 Preprocessing Data

At this early stage in the data processing chain, the main focus is on data preprocessing which involves a series of essential
actions to prepare the data before it goes into further analysis. The steps involved data transformation, which included
changing the format or scale of the data if needed. In addition, data normalization is also a priority, and to achieve this
goal, two normalization methods are used, namely Min-Max Normalization and Simple Feature Scale. Through this
normalization, the data will be transformed in such a way that the range of values corresponds to a consistent scale, which
allows for more accurate comparison and analysis across datasets. This data preprocessing process is a critical step in
ensuring good data quality, which in turn will support more reliable and informative analysis results at a later stage.

Table 2. Original dataset

Age Sex CP RBP Cho FBS RECG MaxHR ExAngina Oldpeak St Slope
40 M ATA 140 289 O Normal 172 N 0 Up
49 F NAP 160 180 O Normal 156 N 1 Flat
37 M ATA 130 283 O ST 98 N 0 Up
48 F ASY 138 214 O Normal 108 Y 1.5 Flat
5 M NAP 150 195 O Normal 122 N 0 Up
383 M NAP 138 175 0 Normal 173 N 0 Up

In Table 2, the dataset's original values have not undergone processing or preprocessing. Due to the data's diverse
ranges, preprocessing is necessary for optimal test results. The dataset undergoes several preprocessing stages, beginning
with data transformation from categorical to numeric. This data transformation utilizes encoder labels. The label encoder
is a Python library derived from 'SciKit Learn', and its purpose is to convert categorical data and strings into numerical
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values, making it easier for the model to comprehend the data. The outcomes of these modifications are displayed in
Table 2. Results of the data transformation can be observed. Results of the data transformation can be observed.

Table 3. Results of data transformation
Age Sex CP RBP Cho FBS RECG MaxHR ExAngina Oldpeak St Slope

40 0 1 140 289 0 0 172 0 0 2
49 1 2 160 180 0 0 156 0 1 1
37 0 1 130 283 0 1 98 0 0 2
48 1 0 138 214 0 0 108 1 15 1
54 0 2 150 195 0 0 122 0 0 2
38 0 2 138 175 0 0 173 0 0 2

Table 3 presented is a numerical representation of the initial categorical data. This conversion process is an
essential step in the data preparation process, with the main purpose of facilitating further data processing. Categorical
data naturally has different characteristics from numerical data, and therefore, conversion into numerical values allows
for better compatibility with various data analysis algorithms. Once this conversion is complete, the data that originally
contained categories will turn into a numerical representation, which will later be used in the normalization process. Data
normalization is an important step to ensure that all variables in the dataset have a uniform scale, thus facilitating more
accurate and consistent analysis. In other words, the ultimate goal of converting categorical data to numerical values is to
achieve data alignment into a numerical format ready for use in further stages of analysis.

This statement is very relevant in the context of data processing and statistical analysis. Data normalization is a
very important step in ensuring the integrity and power of data analysis. Without normalization, variables with very large
or very small value ranges have the potential to dominate influence in the analysis process or in the creation of machine
learning models. In an effort to avoid any distortions or biases that may arise, this study adopts the Min-Max
Normalization method as the primary approach to data normalization. This method allows converting them into a uniform
scale that ranges from 0 to 1, keeping all variables in a balanced value framework. With Min-Max normalization, scale
differences between variables are eliminated, and this allows for fairer analysis, as well as the establishment of more
accurate and reliable machine learning models. In other words, the use of the Min-Max Normalization method is a wise
move to ensure that the data used in this study is treated consistently, and the results are reliable in the analysis and
decision-making process.

Min-Max normalization is one of the normalization methods used in data analysis to change the value range of an
attribute so that it corresponds to the same range between the minimum and maximum values present in the attribute. This
technique is very useful in maintaining consistency in data analysis, especially when we work with various attributes that
have various scales. Using Min-Max normalization, the attribute values will be adjusted into a range of 0 to 1, where the
minimum value will be 0 and the maximum value will be 1, with the values in between being comparably distributed.
This allows for a more precise comparison between attributes, and ensures that no attribute dominates in the analysis
process. As an illustration, consider a set of numerical data that needs to be normalized using the Min-Max method. With
this normalization, each value will be changed so that its range is standardized and makes it easier to understand and
compare the data, and minimizes the risk of bias in data analysis.

_ Xold—Xmin _ 40-28

X = = = 0.244
age Xmax~Xmin  77-28

x — Xold=Xmin _ 0-0 =0
sex Xmax—Xmin 1-0

Yen = Xold—Xmin _ 1-0 =0.333
cP Xmax—Xmin 30 .

x — Xold—Xmin — 140-0 =0.700
RBP = ax—Xmin  200-0

x — Xold—Xmin — 289-0 =0.479
CHO =y ax—%min 603—0

x — Xold™Xmin _ 0-0 =0
FBS Xmax—Xmin 1-0

x — Xold—Xmin - 1-0 - O 333
RECG Xmax—Xmin 3~ l

x — Xold—Xmin — 172—-60 =0.788
MaxHR = o Xmin  202-60

Xold—Xmin _ 0—-0 _

X . =——c=—=90

ExAngina Xmax—Xmin  1-0
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Xold—Xmin _ 0—(-2,6) =0.295

X = =
oldpeak Xmax—Xmin  6,2—(—2,6)
Xold—Xmin -
X = =—=1
St_Slope Xmax—Xmin _ 2—0

Tabel 4. Results of Data Normalization Using Min-Max
Age Sex CP RBP Cho FBS RECG MaxHR ExAngina Oldpeak St Slope

0244 0 0333 0.700 0479 O 0 0.788 0 0.295 1.000
0428 1 0.666 0.800 0.298 O 0 0.676 0 0.409 0.500
0183 0 0.333 0.650 0469 O 0.5 0.267 0 0.295 1.00
0408 1 0.000 0.690 0.354 O 0 0.338 1 0.465 0.500
0530 0 0666 0.750 0.323 O 0 0.436 0 0.295 1.00
0204 O 0.666 0.690 0.290 O 0 0.795 0 0.295 1.00

Table 4 is a visual representation of the Min-Max normalization results that have been applied to the dataset.
Previously, this dataset has undergone a transformation, where categorical data has been converted into numerical data.
This is a typical characteristic of Min-Max normalization, which aims to convert the data into a uniform scale, with the
minimum value equivalent to 0 and the maximum value equivalent to 1, according to Table 3 which shows the conversion
of categorical to numerical data. If the dataset initially contains negative values, the normalization method will convert
the data range into an interval (min_value, max_value), where min_value is the lowest value in the dataset, and max_value
is the highest value in the dataset. In Table 3, we see that Min-Max normalization has resulted in standardized data, with
all variables being on the same scale. The result of this normalization is that all values are within the range of 0 to 1, so
there are no values that are more than 1 or less than 0. This is important because Min-Max normalization ensures that no
variable dominates the analysis or model, making the results more fair and consistent. Besides Min-Max normalization,
there is also another technique used, which is simple feature scaling. This technique aims to adjust the data values into a
range between 0 and 1, and it is very beneficial in ensuring that the data used in the analysis has a uniform scale. An
example of calculating data using the simple feature scaling technique will provide a clearer understanding of this data
normalization process.

= Zola - 20— 519
Xmax 77 '

Xage

_ Xold _ 0 _
Xsex = =-=1
Xmax 1

Xep = 204 = 2= 0333

Xmax
Xrpp = ~2d =229 - 5 700
RBP = o ax 200
Xewo = 224 = 2% = 0 479
CHO = oy ax 603
x 0
Xpps = 2= =220
Xmax 1
_ Xold _ 0 _
XRECG = ~=570
Xold 172
X = =——=10.851
MaxHR = 3= 502
_ Xold _ 0 _
XExAngina = Xmax -1 0
_ Xoid _ O
Xoldpeak = Xmax - a =0
Xold _ 2 _
Xst_Slope Xmax E_ 1

Tabel 5. Results of Data Normalization Using Simple Feature Scale
Age Sex CP RBP Cho FBS RECG MaxHR ExAngina Oldpeak St Slope

0519 1 0333 0.700 0479 © 0 0.851 0 0 1
0636 1 0.666 0.800 0.298 O 0 0.772 0 0.161 0.500
0480 1 0333 0.650 0469 O 0.500 0.485 0 0 1
0623 1 0 0.690 0.354 O 0 0.534 0 0.241 0.500
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0701 1 0666 0.750 0323 O 0 0.603 0 0 1

0493 1 0666 0690 0290 O O 0856 [ 0 1

Table 5 is a visual representation of the results of Simple Feature Scale normalization on a dataset that has
previously gone through transformation from categorical attributes to numerical data. Before applying Simple Feature
Scale normalization, the data has undergone a Min-Max normalization process, as shown in Table 4. This normalization
aims to transform the attribute values into a range from 0 to 1, which is the hallmark of Min-Max normalization. One of
the main benefits of this normalization is that it ensures that the resulting values remain within the range of 0 to 1. This
is obtained because the normalization process transforms the data into intervals (new_min, new_max), where new_min
is the minimum value in the dataset, and new_max is the maximum value in the dataset. The main purpose of this step is
to prevent the dominance of variables that have a wider range of values, so that each variable can contribute equally to
the analysis or modeling being performed. Simple Feature Scale Normalization is also very useful in the context of
distance-based machine learning algorithms, such as K-Nearest Neighbors, where the scale of variables greatly affects
the calculation of distances between data points. Moreover, this technique helps in modeling that requires numerical data
to be of comparable scale, making the analysis results more consistent and easier to read. As reflected in Table 4, the
results of Simple Feature Scale normalization are all values that fall within the range of 0 to 1, ensuring that every variable
in the dataset has a uniform scale and does not result in adverse dominance during the analysis or modeling process.

4. CONCLUSION

The study's findings offer essential insights into the impact of normalization method selection on the accuracy of K-
Nearest Neighbors (K-NN) model to detect heart failure disease. The comparison of two normalization methods indicates
that the Simple Feature Scale method outperforms the other, yielding an 85% accuracy rate. This shows that this technique
can generate a more precise K-NN model in categorizing the state of hypothetical heart failure patients. Meanwhile,
employing the Min-Max normalization approach yielded a marginally lower accuracy rate of 84%. These outcomes
demonstrate that the selection of normalization techniques has a noticeable impact on the ultimate model outcomes, and
in this circumstance, Simple Feature Scale proved to be more effective in handling the information. An applicable
suggestion for future research is to explore further by considering various other preprocessing techniques and different
variations of normalization methods. This will allow for a more comprehensive analysis and can strengthen the validity
of the data used. In addition, the examination of the K parameter in the K-NN algorithm could also be an important focal
point in future research, as proper setting of the K parameter can have a significant impact on model performance. Thus,
future research can delve deeper into the series of preprocessing stages and parameters of the K-NN algorithm to achieve
more accurate and useful results in detecting heart failure diseases.
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