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Abstract
Purpose: Stroke is a critical global health issue requiring early and accurate prediction to mitigate severe outcomes.
This study aims to compare the performance of the K-Nearest Neighbors (KNN) and Naive Bayes algorithms in
predicting stroke disease, addressing the challenge of imbalanced datasets and improving prediction accuracy for better
clinical decision-making.
Methods/Study design/approach: The research followed the CRISP-DM model, utilizing a dataset of 5,110 patient
records with 12 attributes from Kaggle. Data preprocessing included handling missing values and normalization. The
KNN and Naive Bayes algorithms were implemented using RapidMiner, with performance evaluated through cross-
validation, confusion matrices, and ROC-AUC curves.
Result/Findings: The KNN algorithm achieved an accuracy of 94.50%, but exhibited low precision (7.89%) and recall
(1.20%) for stroke-positive cases due to dataset imbalance. Naive Bayes yielded an accuracy of 88.83% with an AUC
of 0.767, demonstrating better probability modeling but similar challenges in minority class detection. Both algorithms
highlighted the impact of data imbalance on predictive performance.
Novelty/Originality/Value: This study provides a comparative analysis 0of KNN and Naive Bayes for stroke prediction,
emphasizing the need for data balancing and optimization techniques. The findings underscore the potential of these
algorithms in healthcare applications while suggesting future improvements through ensemble methods or alternative
algorithms like Random Forest.
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INTRODUCTION

Stroke is a brain disease caused by high blood pressure. Stroke can occur at any time when bleeding occurs
due to high intracranial pressure and embolus discharge from non-cerebral blood vessels and if there is an
increase it can lead to hypertension[1]. This disease is classified as cerebrovascular disease (CVD) because
it occurs suddenly and requires very quick treatment. All countries are still struggling to cope with stroke
problems with limited resources and stroke neurologists. To overcome this problem, there are several
studies that have shown that classification systems can overcome health problems such as stroke by
combining methods or using a single classification method.

The World Health Organization defines stroke as a clinical sign that occurs due to local or global impaired
brain function, with symptoms lasting 24 hours or more, which can lead to death, in the absence of any
cause other than vascular(2]. Stroke occurs due to a cut off of blood supply to the brain, can occur due to a
blockage in the form of blood clots or spurts in blood vessels.

Based on the results of Riskesdas in 2013, the prevalence of stroke in Indonesia increases with age. The
highest stroke cases diagnosed by health workers are 75 years old and above (43.1%) and the lowest in the
age group of 15-24 years is 0.2%[3]. The prevalence of stroke by 2 sexes is more males (7.1%)2 compared
to females (6.8%). Based on place of residence, the prevalence of stroke in urban areas 1s higher (8.2%)
compared to rural areas (5.7%). Based on data on the top 10 most common diseases in Indonesia in 2013,
the prevalence of stroke cases in Indonesia based on the diagnosis of health workers is 7.0 per mill and 12.1
per mill for those diagnosed with stroke symptoms[4]. The highest prevalence of stroke cases is found in
North Sulawesi Province (10.8%) and the lowest in Papua Province (2.3%), while Central Java Province is
7.7%. The prevalence of stroke between men and women is almost the same[5].

It can be seen from the data above that for the management of large data in Indonesia or the world, certain
processing methods or methods are needed so that the data can be presented and viewed in general[6]. The
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data processing usually uses data mining. Data mining itself is a process of extracting useful information
and patterns from very large amounts of data. Data mining includes data collection, data extraction, data
analysis, and data statistics[ 7). Data mining is also known as knowledge discovery, knowledge extraction,
data/pattern analysis, information harvesting, and others

To be able to get information from existing data, it is necessary to carry out a data mining process such as
classification[8]. Classification is a process to determine a model that explains or distinguishes a concept
or class of data, with the aim of being able to estimate the class of an object whose class is unknown, in the
classification is also given a number of records of which 3 are called traming sets, which consist of several
attributes, attributes can be continuous or categorical, one of the attributes indicates the class for records[9].
According to the K-Nears Neighbors Algorithm a simple algorithm that stores all available cases and
classifies new cases based on decision functions (e.g., distance measures)[10]. The Naive Bayes algorithm
is one of the classification methods that can predict future opportunities based on past experience[11]. K-
Nears Neighbors dan Algoritma Naive Bayes to classify the most important factors for the disease. The
test using the Fuzzy Tsukamoto-GA method with the title Classification of Stroke Risk Level Using the
GA-Fuzzy Tsukamoto Method from the results of the study was carried out to optimize the limits of
membership functions with an accuracy rate of 86.66% obtained[12]. With the best parameters that have
optimal results, namely the number of popsizes of 500. Based on the results of research conducted by
previous researchers, it still needs to be developed again so that the classification of stroke prediction gets
a higher level of accuracy.

METHODS
A. Research Stage
The method used in this study follows the stages of the Cross-Industry Standard Process for Data
Mining (CRISP-DM) model[13]. The stages of the research can be seen in Figure 1 below:

Data Understanding Phase

Data Preparation Phase
¥

¥
¥

Figure 1 Research Flow

1. Business Understanding Phase
This stage begins by defining the purpose of the study, which is to predict the risk of stroke with
high accuracy. The focus is on building predictive models that can aid in early diagnosis and
support clinical decision-making.

2. Data Understanding Phase
In this stage, the dataset is explored to understand the patterns, distributions, and characteristics
of each feature. The dataset includes parameters such as age, blood pressure, cholesterol levels,
exercise habits, and disease history. In addition, preliminary analysis is carried out to detect
missing values or anomalies.

3. Data Preparation Phase
Data is processed to ensure quality and consistency, including handling missing values, encoding
categorical features, and normalizing data. This step is important to maximize the performance
of the machine learning algorithm used.

4.  Modeling Phase




At this stage, the KNN and Naive Bayes algorithms are applied. KNN uses a distance-based
approach for classification, while Naive Bayes utilizes probability theory to predict stroke status
based on available parameters.

Evaluation Phase

The model's performance is evaluated using metrics such as accuracy, precision, recall, and F1-
score. This evaluation aims to determine which algorithm provides the best results in predicting
stroke risk.

Deployment Phase

Model developed can be applied in data-driven applications to support medical personnel in early
diagnosis of stroke disease. In addition, the prediction results can be used to provide prevention
recommendations to high-risk individuals.

Data Collection

The data collection method is an important thing in research and is a strategy or method used by
researchers to collect the data needed in their research. Data used from Kaggle with url
https://www.kaggle.com/code/docxian/stroke-prediction
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1.

Algorithms KNN

Nearest Neighbor or k-Nearest Neighbor (kNN) is one of the classification algorithms in data
mining that utilizes nearby data to make predictions on new data that is not yet known (test
data)[14]. This algorithm works by finding a number of closest neighbors from the test data and
determining the test data class based on the majority of the classes from the nearest neighbor
(training data) found[15]. Nearest Neighbor can be used to handle various types of data, both
numerical and categorical. In categorical data, the calculation of the distance of difference or
similarity cannot be calculated using mathematical operations as can be done on numerical data.
Given the training dataset D and spacing size

a. (xpyp)i=1,2, N

xj is the training data in R"

yi is the appropriate class of the data x;, and y; {ej il 2 .. M}

dist (x - xi)=|| x- xi ||

The new observation data x is classified into one of the yj classes using the following
algorithm:

B

1. Enter new datax
2. Calculate the distance x to all xi training samples in the da : dist (x - Xi)
3. Sortdist (x-xi) (i =1, 2, ..., N) In ascending order and order all xi according to: xr/, xr2,
v Xk oo, XPN
4. For the classification of the nearest neighbors (NN) classify x to y/
5. For the K-NN classification, classify x to the yrp majority class among the top k-rank
data: { xrl, xr2, .... Xrk |
Although the Euclidean (£2) and city block distance (L) is a typical choice for distance
measurements, other distances can be used depending on the application. The nearest neighbor
(NN or 1-NN) produces too many classes, while K-NN provides more reliable classification
results[16]. This is because the k value has a smoothing effect that makes the classifier more
resistant to outliers. However, the performance of the K-NN classifier depends on the choice of
k which is usually determined empirically.

Algorithms NB
Bayesian classification is a statistical classification that can be used to predict the probability of
membership of a class discovered by the British scientist Thomas Bayes[17]. Naive Bayes is a
fairly simple and easy-to-implement classification algorithm so it is very effective when tested
with the correct data set, especially if Naive Bayes is combined with function selection, so that
Naive Bayes can reduce redudant in the data, in addition Naive Bayes shows good results when
combined with the clustering method[18]. Naive Bayes has proven to have high accuracy
compared to support vector machines.

_ PEXIH)PeD
POHIX) ===




So X is the evidence, H is the hypothesis, P(H|X) i.e. probability is hypothesis H is true proof X
or on P(H|X) is the posterior propiability H with the condition X, P(X|H) is the probability that
the proof X is true or hypothesis H or the probability of Posterior X is the same as the condition
H, P(H) is the probability prior to hypothesis H, and P(X) is the probability of the prior proof X.
P(CYP(FLFN|C)
P(CIFL.....Fn) = FOEERE
So Variable C describes the class, while variable F1... Fn describes the character of the clue in
fying. Where this formula explains the chance that the sample enters the special character
in class C (Posterior), namely the chance of leaving class C (before the entry of the sample, many
are made priors), multiplied by the probability of the appearance of the character of the sample
s C (also called likelihood), divided by the probability of the appearance of the sample

character globally (also called evidence)[18]. The formula above can be made simply as follows
Prior x likelihod

Posterior = -

) evidence -
Continuous data classification 1s used Gauss Density formula:
y (men?

P(Xi = Xi|Y = yj) = g za2l]
( | ¥i) Jamal]

Where: P: Opportunity

Xi : Attribute to i

xi : Value of attribute to i

Y : Searched class

yi : Subclass Y sought after

- mean, describing the average of all attributes

6 :Deviasi standar, menjelaskan varian

across attributes.

D. Evaluation
Confusion matrix
This method only uses matrix tables as in Table 1, if the dataset consists of only two classes, one class
is considered positive and the other is negative[19]. Evaluation with confusion matrix results in
accuracy, precison, and recall values.
Table 1 Confusion Matrix

Correct Classified as
Classification } -
t True positives False negatives
False .
- = True negatives
positives

True Positive 1s the number of positive records classified as positive, false positive is the number of
negative records classified as positive[20], false negative is the number of positive records classified
as negative, true negative is the number of negative records classified as negative,

TP+TN
ALC= TP+TN+FP+F
TP
5= TP+EP
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P+Sn
Kurva ROC

The ROC curve is a graphical plot that illustrates the diagnostic capabilities of a binary classification
system because its discrimination threshold varies. This method was originally developed for military
radar receiving operators starting in 1941, which gave rise to its name. The ROC curve is created by
plotting the true positive rate (TPR) against the false positive rate (FPR) at various threshold settings.
True positive levels are also known as sensitivity, memory, or detection probability. The false positive
rate is also known as the probability of false alarms and can be calculated as (1 - specificity). ROC
can also be thought of as a plot of strength as a function of the Type [ Error of the decision rule (when
performance is calculated only from a sample of the population, it can be considered as an estimator
of'this number). The performance of AUC accuracy can be classified into several groups, namely[21]:




1. 0.90 — 1.00 = Exellent Classification
2. 0.80 - 0.90 = Good Classification
3.0.70 — 0.80 = Fair Classification

4. 0.60 —0.70 = Poor Classification
5.0.50 — 0.60 = Failure Classification

RESULT AND DISCUSSION

A

Data Preparation

Data on this Stroke disease research can be obtained directly from the official
websitewww. kaggle.com(https://www kaggle. com/datasets/fedesoriano/stroke-prediction-dataset)
which is accessed on July 17, 2024, The number of data records 1s 5,110 data which is the number of
patients who experience symptoms and the number of dataset attributes is 12 attributes which are
symptoms experienced by Stroke patients. The following table is the original data that will be
processed starting from the preprocessing stage, the distribution of test data and training data, the
implementation of the KNN method and optimization using the Bagging Technique. These attributes
are described in Figure 4.1 below:
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Figure 2 Dataset Snippets

The table above shows the data in this study, the data has a label on the Stroke attribute, the label on
this data is 1 if the patient has a stroke or 0 if not. The tool used in this research is the RapidMiner
application (Altair Al Studio).

Modeling

The selection and application of appropriate modeling techniques is carried out at this stage. The
modeling in this study uses predictive data mining techniques.
1. Research Using the K-Nearest Neighbor Algorithm

The application of data on Rapidminer for Stroke Disease Prediction using the K-Nearest Neighbor
algorithm is shown in figure 3 below:
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Figure 3 KNN Algorithm Modeling on Rapidminer
In Figure 3, the dataset that has been prepared is applied to the rapidminer application by conducting
experiments using cross validation which can directly divide the data into training data and testing
data because the data used is supervised and the algorithm used is KNN. The results of the experiment

can be seen in figure 4.3 below.
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Figure 4 Confusion Matrix of KNN Algorithm
Figure 4 1s the confusion matrix that shows the results of the experiment, in the confusion matrix we
can see the results of accuracy, precision class, and recall class. The resulting accuracy is 94.50 %.
The results of the accuracy in the previous study with this research experiment using the KNN
algorithm for stroke disease prediction are shown in table 4.1 below:

2. Research Using Naive Bayesian Algorithm

A method that can improve the level of accuracy 1s the use of the naive Bayes algorithm. The follow-
up experiment carried out in this study is the use of the naive bayes algorithm. The application of
stroke prediction rapidminers using the Naive Bayes Algorithm can be seen in figure 5 below:
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Figure 5 Application of Rapidminer naive bayes algorithm
The experiment in figure 5 is a validation technique to divide training data and testing data using cross
validation validation techniques. From the experiment, we get the results that we can see in figure 6
below
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Figure 6 Naive Bayes' Algorithm's Confusion Matrix

The figure shows the results of the evaluation of the Naive Bayes model for stroke disease
prediction. From these results, the model produces an accuracy level of 88.83% with small variability
(+1.41%). This accuracy indicates that the model is able to classify data quite well.

However, there are significant differences between precision and recall for each class. For
class 1 (patients with stroke), the accuracy is 15.89%, while the recall is 30.12%. This suggests that
although the model was able to capture some patients who actually had a stroke, many of the class 1
predictions were wrong. In contrast, for class 0 (patients without stroke), precision and recall were
96.25% and 91.83%, respectively, showing much better performance in detecting patients without
stroke.
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Figure 7 Accuracy Comparison

Based on the table and diagram above, it shows that the change in the number of K-Folds in Cross
Validation in classifying will produce different accuracy so that we can produce the best accuracy.
We can see that on the K-Fold 10 the accuracy and precision results are the highest, in contrast to the
recall results that are not higher than other K-Fold uses.

In addition to the Confusion matrix to determine the performance of this experiment, we can rely on
the resulting ROC-AUC curve. A comparison of the results of the ROC-AUC curve in studies that
did not use Bagging and those that used Bagging can be seen in figures 8 and 9 below:

Figure 8 ROC-AUC Curve Experimental Results Using KNN

The figure shows the Receiver Operating Characteristic (ROC) curve for the K-Nearest Neighbors
(KNN) model in predicting stroke disease. The resulting Area Under the Curve (AUC) value is 0.669
+ 0.048, with a micro-average value of 0.669. The ROC and AUC curves indicate the model's ability
to distinguish between patients at risk of stroke (positive class) and without stroke risk (negative
class).




The ROC curve plots the True Positive Rate (TPR) against the False Positive Rate (FPR) at various
threshold values. Visually, the curve shows that the model has a moderate ability to distinguish
between the two classes. An AUC of 0.669 indicates that the model has a 66.9% probability of
correctly distinguishing between positive and negative classes, which are above the random line
(AUC = 0.5), but still far from ideal performance (AUC close to 1.0).

This performance suggests that the KNN model has difficulty effectively detecting patients at risk of
stroke (positive class), mainly due to class imbalances in the dataset. This imbalance is seen in the
ROC curve closer to the diagonal line, which indicates a less than optimal performance in classifying
minority classes.

These results indicate the need for optimization measures, such as the use of data balancing techniques
(oversampling or undersampling), adjustment of KNN model parameters, or the use of alternative
algorithms that are more sensitive to class imbalances. With these steps, the model's ability to detect
patients at risk of stroke can be improved, making the prediction results more reliable and applicable
in the real world.
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Figure 9 ROC-AUC Curve Experiment Using Naive Bayes

The figure shows the Receiver Operating Characteristic (ROC) graph used to evaluate the
performance of the Naive Bayes model in predicting stroke disease. The resulting Under the Curve
(AUC) area is 0.767 + 0.048, with a micro mean value of 0.767. This AUC value shows the model's
ability to distinguish between positive classes (patients with stroke) and negative classes (patients
without stroke).

ROC is a graph that plots the True Positive Rate (TPR) against the False Positive Rate (FPR) for
various thresholds. The ROC curve near the top left corner shows good model performance. In this
figure, the ROC curve shows that the model is performing quite well, but there is still room for
improvement, especially in detecting positive classes.




An AUC of0.767 indicates that the model has a 76.7% probability of correctly distinguishing between
patients with stroke and without stroke. Although these results are quite good, the model's
performance still needs to be improved, especially given the importance of early detection of stroke
to reduce the risk of serious complications.

Errors in the prediction of false negatives can have a significant impact in the clinical context, as
patients who actually have a stroke risk may go undetected. Therefore, further optimizations are
needed, such as adjusting model parameters or using more complex algorithms, to improve the
sensitivity and accuracy of predictions. In addition, balancing datasets or using ensemble methods can
help improve model performance in predicting minority classes.

DISCUSSION

This study aims to predict stroke disease using the K-Nearest Neighbors (KNN) and Naive Bayes
algorithms with datasets taken from Kaggle. This dataset consists of 5,110 patient data with 12
attributes that cover various symptoms experienced by patients. Modeling was carried out using the
RapidMiner application with cross-validation validation to divide the data into training data and test
data.

In the first experiment, the KNN algorithm produced an accuracy of 94.50%, showing good
performance in predicting stroke disease overall. However, the results of the confusion matrix show
that this algorithm has a weakness in detecting patients at risk of stroke (class 1), with an accuracy of
only 7.89% and a recall of 1.20%. This occurs due to data imbalance, where the number of patients
without stroke (class () dominates the dataset. In addition, the results of the ROC-AUC curve for
KNN showed AUC values of 0.669 + 0.048, indicating moderate performance in differentiating
patients with and without stroke. Class imbalance is the main obstacle in the performance of the KNN
model, which can be overcome through data balancing techniques such as oversampling or
undersampling.

In the second experiment, the Naive Bayes algorithm was applied to improve prediction performance.
As a result, the accuracy of the model is 88.83% + 1.41%, lower than KNN. However, the model
showed better performance in terms of prediction probability with AUC values of 0,767 + 0.048.
Nonetheless, class imbalances still affected the performance of the Naive Bayes model, especially in
detecting patients with stroke (class 1), where the precision was 15.89% and the recall was 30.12%.
This shows that although Naive Bayes has advantages in prediction efficiency and probability, the
model also requires further optimization to improve sensitivity to minority classes

Both algorithms show the advantages and disadvantages of each. KNN excels in overall accuracy, but
is less sensitive to minority classes. In contrast, Naive Bayes has a better performance in modeling
probabilities but is still affected by the unbalanced distribution of data. Model performance can be
improved by optimizing model parameters, balancing datasets, or using ensemble techniques such as
bagging or boosting.

CONCLUSION

This study shows that the K-Nearest Neighbors (KNN) and Naive Bayes algorithms can be used to
predict stroke disease with a good degree of accuracy. The KNN algorithm produced the highest
accuracy of 94.50%, but was less effective in detecting patients with stroke (class 1) due to dataset
imbalance. On the other hand, Naive Bayes gave quite competitive results with an AUC of 0.767 £
0.048, showing a better ability in modeling class probabilities.

To overcome the weaknesses faced by both algorithms, optimization steps such as data balancing, the
use of ensemble techniques, or exploration of other algorithms such as Random Forest or Gradient
Boosting can be implemented. This study also emphasizes the importance of proper parameter selection




and thorough validation in building a more reliable and applicable stroke disease prediction model in
the real world.

With the right optimization and integration, these predictive models have great potential to support early
diagnosis, assist healthcare professionals, and provide preventive recommendations to high-risk
individuals.
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