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especially in the context of medical data such as stroke

Keywords: detection. This research proposes a hybrid resampling

approach using SMOTE (Synthetic Minority Over-sampling
Data Imbalance, Technique) and NearMiss to improve the accuracy of the K-
Undersampling, Nearest Neighbors (KNN) algorithm on imbalanced stroke
Oversampling, K-Nearest datasets. This approach aims to overcome the weaknesses of
Neighbors, Smote, Nearmiss each technique, with SMOTE generating minority class

samples and NearMiss reducing samples from the majority
class. The use of SMOTE with K-1 neighbors provided 100%
accuracy improvement, followed by 97% improvement with
K-2, and 93% accuracy with K-3. Meanwhile, the
undersampling approach using NearMiss showed 100%
accuracy improvement with K-1, followed by 74%
improvement with K-2, and 76% accuracy with K-3. In
conclusion, the SMOTE approach provides a better accuracy
improvement than the nearmiss and conventional approaches.
So that this research contributes in handling data imbalance
with the approach used. So it can be seen from the use of the
SMOTE approach, with k-1 and k-2 neighborhoods showing
good results from the previous approach.
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INTRODUCTION

In the era of big data, the problem of data imbalance is often a significant challenge in data
processing [1]. Data imbalance occurs when the number of samples in one class is much higher
than that of another class [2]. This problem can result in prediction models that are biased
towards the majority class, reducing the accuracy and overall performance of the model [3].

In stroke detection, the issue of data imbalance is crucial as the prevalence of patients
who did not have a stroke is much higher than that of patients who did [4]. This imbalance
can cause machine learning models to over-predict the majority class, resulting in a lack of
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sensitivity in identifying stroke cases [5]. Models trained on unbalanced datasets may result
in biased predictions towards the majority class, making accurate classification difficult [6].
Therefore, it is important to develop an effective approach to balance the class distribution in
stroke detection datasets to improve the accuracy and sensitivity of the models in precise and
rapid diagnosis [7].

In areas such as fraud detection, medical diagnosis, and speech recognition,
imbalanced data is a common problem [8]. Early diagnosis and accurate prediction are
essential to reduce the adverse effects of stroke [9]. However, in many medical cases, patient
data is often unbalanced. For example, the number of patients who did not have a stroke is
much larger compared to patients who had a stroke [10]. This imbalance may result in biased
prediction models and less accurate detection of stroke cases [11].

Handling data imbalance plays an important role in improving the accuracy of
machine learning models, especially in healthcare applications such as disease detection [12].
In the context of disease detection, including stroke detection, an unbalanced distribution
between positive and negative patient classes can result in bias in model predictions [13]. By
balancing the dataset, the model can better learn from both classes so that sensitivity to rare
disease cases can be improved [14]. This allows the system to more accurately identify disease
cases that are important for early diagnosis and appropriate treatment. Thus, addressing data
imbalance not only improves the accuracy of the model in disease detection, but can also
potentially save lives and improve the overall quality of healthcare [15].

Improve the accuracy of the K-Nearest Neighbors model on unbalanced datasets. By
integrating SMOTE which is an oversampling method to increase the number of samples from
the minority class and NearMiss which is an undersampling method to reduce samples from
the majority class, it is expected that this hybrid resampling approach can create an optimal
balance between the classes in the dataset. Thus, this study aims to improve the sensitivity and
accuracy of the K-Nearest Neighbors model in detecting cases of stroke or other medical
conditions on unbalanced datasets [16].

The highly competitive telecommunications industry, customer retention is the key to
success for companies. With the advancement of information and communication technology,
telecommunications companies have access to large amounts of customer data. Predicting
customer churn is not easy due to various factors that can influence a customer's decision to
stop using a service. In addition, class imbalance in customer churn datasets often makes it
difficult for models to achieve high prediction performance. The resampling approaches used
are SMOTE (Synthetic Minority Over-sampling Technique), SMOTE Tomek-Links, and
SMOTE-ENN (SMOTE Edited Nearest Neighbors) [17].

Chronic kidney disease is a serious health problem and early detection of the
disease is crucial to reduce the mortality rate caused by the disease. Explored the effect of
resampling in chronic kidney disease detection using an imbalanced dataset. The problem of
class imbalance and optimal feature selection in medical datasets are the main focus of this
research to improve the performance of the prediction model. The resampling approaches
used are Synthetic Minority Oversampling Technique (SMOTE) and Near Miss
Undersampling Technique [18].

The approach used in this study is hybrid resampling, which uses
oversampling and undersampling techniques to overcome data imbalance. Oversampling
adds samples to the minority class, while undersampling reduces samples to the majority
class. The aim of this approach is to achieve a more balanced class distribution without losing
important information from the original data. So that it can be seen how the comparison of the
approaches taken to improve the accuracy of the K-Nearest Neighbors (KNN) algorithm. By
seeing good accuracy in the classification of data imbalance in the stroke dataset used [19].
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This research makes a significant contribution to the literature related to data
imbalance handling and the development of hybrid resampling techniques. In the context of
data imbalance handling, a hybrid resampling approach combining SMOTE and NearMiss
successfully improves the accuracy of K-Nearest Neighbors models on imbalanced datasets,
particularly in disease detection such as stroke. This contribution provides new insights in
addressing the challenges of data imbalance in medical applications. Moreover, the
development of hybrid resampling techniques with the integration of two different
resampling methods shows the potential to improve dataset balance and machine learning
model accuracy in general. Thus, this research not only provides practical benefits in
improving disease detection accuracy, but also makes theoretical contributions in the
development of innovative and effective hybrid resampling approaches for data imbalance
handling in various application domains [20].

METHODS

A hybrid resampling approach combining SMOTE and NearMiss is used to address data
imbalance. Oversampling and undersampling steps are performed to add samples to the
minority class and reduce samples to the majority class to achieve a balanced class distribution
[21].

The workflow used in this research is as follows:

DATASET

Preprocessing

Imbalance
IDataSet

SMOTE NEARMISS

Approach

K-MNearest Neighbors (KININ)

Figure 1. Workflow Method
Dataset

This research requires a dataset that has class imbalance characteristics, where one or more
classes have a much smaller number of samples than other classes. This research uses the
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Stroke Dataset which is obtained from the Kaggle repository. The dataset details have 12
Attributes and 5110 total data [22].

Preprocessing
In this study, data pre-processing was performed as a first step before applying the model
approach. Some of the data pre-processing operations performed include:
1. Data entry
Identification and handling of missing values and Detection and handling of outliers that
may affect the analysis.
2. Data Normalization
Normalization of numerical features to ensure uniform scaling and prevent dominance of
certain features in the model.
3. Data Separation
Division of the dataset into a training subset and a testing subset to train and test the model.

Dataset Analisis
In this study, there is an imbalance in the Stroke dataset which has an impact on accuracy.

No vs Yes Distribution of Target Variable

000

Number of Cases

1000!

249

Figure 2. Dataset Imbalance

Imbalance Data Problem

The unbalanced data problem occurs in many real-world datasets where the distribution of
data classes is highly unbalanced. The imbalanced data problem causes the majority class to
dominate the minority class; therefore, the classifier is more inclined to the majority class, and
its performance is unreliable. The Imbalance dataset shows an imbalance of 95.1% in the
majority class and 4.9% in the minority class. So it is necessary to take an approach to evaluate
the imbalance of the data to improve the KNN algorithm used. The approach used is Hybrid
Resampling as follows.

SMOTE (Synthetic Minority Over-sampling Technique)

As one of the oversampling techniques to handle data imbalance in datasets. SMOTE works
by creating new synthetic samples of minority classes by combining features from existing
minority samples. In the context of this research, SMOTE helps in increasing the number of
samples from minority classes without eliminating existing data, thus enabling a more
representative data model. The synthetic minority oversampling approach is mathematically
described as follows.
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=
T ly
Br = the balancing ratio given by Equation
B = represents an unbalanced dataset,
Alpha = denotes the subset of the sample that belongs to the minority class
y = indicates the portion of the sample that belongs to the majority class.

Nearmiss

One of the techniques for handling class imbalance in the dataset used in this study. The
nearmiss technique is an undersampling method that is performed by selecting samples from
the majority class based on heuristic rules that are based on the nearest neighbor algorithm.
By using nearmiss, samples from the majority class are selected that have the closest distance
to samples from the minority class. By applying the nearmiss technique, the dataset will be
balanced by reducing the number of samples from the majority class so that the proportion
between the majority class and the minority class becomes more balanced. This can help
improve the performance of the model in better classifying the minority class without
sacrificing important information from the majority class.

K-Nearest Neighbors (KNN)

K-NN is one of the simplest and most widely used classification algorithms. It is used to
address both classification and regression problems. K-NN is a non-parametric algorithm, also
called a learning algorithm. When used to make predictions, it searches for the nearest
neighbor in the nearest across the data set[4]. The distance of the new data that will participate
in the sample dataset is calculated according to the available data and looking at the nearest
neighborhood. Three types of distance functions are commonly used for distance calculation;
Euclidean distance, Manhattan Manhattan distance, and Minkowski distance[5]. In this paper,
we use Euclidean Distance, which is a commonly used measure to determine the distance
between input features.

Euclidean distance formula between two points P(x1,y1l) dan Q(x2,y2) in two dimensional
space is [8]:

d(P,Q) = /(z2 — 1) + (12 — m)?

In the KNN algorithm, this Euclidean distance is calculated between the unknown point
(which we want to predict) and all points in the training dataset[10]. The closest points (usually
determined by the value of K) are then used to determine the class or value of the unknown
point based on the majority of its neighbors' class or average value.

Evaluation Criteria

To validate and test the model, test datasets are processed to ensure that the model produces
correct results based on evaluation metrics[8]. Algorithm evaluation is generally done using
various metrics, such as accuracy, precision, recall, and F-1 score. The confusion matrix is used
to assess the performance of the classification model. This matrix displays the number of true
positives, false positives, and false negatives. True positives are cases where the model
correctly predicts a positive outcome, while true negatives are cases where the model correctly
predicts a negative outcome. The number of false positives is the number of cases where the
model predicts a positive outcome but the actual outcome is negative.
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Table 1. Confusion Matrix

Actual Class
Positive Negative
(Fraud) (Non-Fraud)
Predicted | Positive True positive | False positive
Class (TP) (FP)
Negative | False negative | True negative
(FN) (TN)

The formula for the confusion matrix accuracy measure is given:
Y = TPrTN+EN+FR

The formulas for recall and precision accuracy measures are given:

TP
Recall =
TP+FN
Precision = 2L
T TP+FP

The formula for the accuracy measure F-1 Score is given:

F1 =2 x (Recall x Precision)/(Recall + Precision)

RESULTS AND DISCUSSION

The result of data imbalance in the Stroke dataset gives different results in the approaches
used. The accuracy of K-Nearest Neighbors (KNN) only involves K-1 to K-3 neighbors. Of
course, the results given in the imbalance approach are very different. Here are the results:
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Figure 3. Imbalance SMOTE
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Distribusi Kelas Setelah NearMiss
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Figure 4. Imbalance NearMiss
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Figure 5. KNN + SMOTE Value Accuracy
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Figure 6. KNN + NearMiss Value Accuracy
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Figure 7. Conventional KNN Value Accuracy
In Figures 5, 6, 7, we can see the different accuracy values, we can see in the following table:

Table 2. K-Value Accuracy

Nilai K Smote Nearmiss Convensional
K-1 100% 100% 91%
K-2 97% 74% 95%
K-3 93% 76% 94%

CONCLUSION

Research on handling data imbalance in the Stroke dataset provides an increase in KNN
accuracy, namely where using the SMOTE approach to handle data imbalance is very
significant in the K-1 - K2 neighborhood data, which is 100% and 97% respectively but in K-3
has decreased by 93%. In this study, we also see the approach of Nearmiss which has increased
in the K-1 neighborhood which is 100% but in the K-2 and K-3 neighborhoods has decreased,
inversely proportional to the conventional KNN whose K-1 and K-2 accuracy movements are
91% and 95% respectively. So in this study, the effective approach obtained to improve the
accuracy of KNN is the SMOTE approach, which is found at the K-1 and K3 values. In future
research, it can be seen from different neighboring values, of course, it can provide different
accuracy values.
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