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ABSTRACT

The vast majority of strokes are caused by an unexpected occlusion of the blood vessels that supply the
brain and the heart arteries. Early detection of the many warning symptoms of stroke can help reduce the
severity of the stroke and save the patient's life. Although researchers have proposed a variety of
diagnostic methods to detect this disease, the methods currently in use still need further improvement. In
this paper, we propose an effective methodology that utilizes a hard voting classifier based on three
Machine Learning (ML) models, namely, Random Forest (RF), K-Nearest Neighbors (KNN), and Extra
Trees Classifier (ETC). First, a series of data quality improvement procedures were performed using the
Synthetic Minority Oversampling Technique (SMOTE) approach for data balancing to ensure an unbiased
training process without majority class dominance. Next, we divided the dataset into two parts, a training
part and a testing part, and these data were fed to the models used. In the last phase, we implemented four
ML algorithms to evaluate their effectiveness and then selected the three most effective models for
integration into our proposed hard voting classifier. The hard voting outperformed the results of modern
studies with an accuracy of 97.48%, a precision of 0.9802, a recall of 0.9691, and an F1 score of 0.9747.
Furthermore, we applied K-fold cross-validation (K=10), which systematically partitions the dataset into
multiple subsets, preventing overfitting and providing a robust estimate of model performance across
different data splits, where a mean accuracy of 97.1% was achieved.
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I.  INTRODUCTION

A stroke, sometimes referred to as a brain attack, occurs
when a cerebral blood vessel ruptures or when the blood supply
to a particular region of the brain is interrupted [1]. When
blood flow is interrupted, brain cells die rapidly due to lack of
oxygen, resulting in a stroke. The consequences can include
permanent disability, irreversible brain damage, or even death
[2]. Stroke is the second leading cause of death and the leading
cause of disability worldwide. According to the 2022 global
stroke factsheet, the lifetime risk of stroke has increased by
50% in the last 17 years, and 1 in 4 people are expected to have
a stroke in their lifetime [3]. Before the advent of modern
medical technology, stroke detection relied primarily on
clinical observation, patient history, and basic physical
examination. These traditional methods were based on
recognizing the outward symptoms of stroke, and diagnosis
depended heavily on the skill and experience of healthcare
providers. Today, information technology plays a critical role
in the medical field, helping to improve diagnosis, patient care,
and the overall efficiency of healthcare services. It is essential
to improve the speed, accuracy, and efficiency of medical
diagnoses, leading to satisfactory patient outcomes, improved
healthcare delivery, and reduced costs [4].

Stroke can have a significant psychological impact on a
patient, in addition to physical and cognitive impairments.
Early prediction of the possible occurrence of a stroke is
critical to prevent it through early medical intervention and
appropriate treatment [5]. Al plays a large and important role in
the early diagnosis of stroke [6]; it uses a set of different
algorithms that learn about the patient's condition and train on
it to predict future cases [7]. In medicine, Machine Learning
(ML) methods for classification and prediction are most
commonly used, especially on stroke-related datasets, to
determine whether a case is positive or negative [8]. Extensive
research has been conducted in the area of early stroke
detection utilizing AI models. Most studies used ML models,
whereas others implemented deep learning models.
Researchers have also used an ensemble classifier that
integrates multiple models. Our research will address the
limitations in the accuracy of stroke diagnosis and prediction.

A. Study Contributions
The main contributions of this study are:

e The analysis of the dataset provided the basis for
performing preprocessing to improve the quality of the data
for stroke prediction.

e The dataset was balanced using the Synthetic Minority
Oversampling Technique (SMOTE) method. The use of
this method plays a crucial role in balancing the dataset by
generating synthetic samples, preventing bias towards the
majority class, and ensuring an unbiased training process.

e In order to generate a single model that incorporates the
strengths and qualities of these models and, as a result,
helps to improve the prediction accuracy, we proposed the
use of a hard voting classifier that incorporates the three
models with the highest accuracy, namely the K-Nearest

Neighbors (KNN), Random Forest (RF), and Extra Trees
Classifier (ETC).

e We used additional measures, such as k-fold cross-
validation, to evaluate the performance and robustness of a
ML model, which were not addressed in previous studies.
This process helps to assess how well the model generalizes
to an independent dataset, which is crucial to ensure that the
model performs well on unseen data. We also used the
False Positive Rate (FPR) and the False Negative Rate
(FNR) to provide insight into the types of errors our models
make.

B. Related Works

In this section, we summarize relevant studies that have
used ML and deep learning techniques for stroke prediction.
Authors in [9] applied four ML classification techniques for
early stroke prediction. They compared these algorithms on a
reliable stroke health dataset containing factors and features
that affect the accuracy of model performance. Hyperparameter
tuning was applied to the ML algorithms to increase the
accuracy of the results, and RF achieved the highest accuracy
of 90%. Authors in [10] trained different Al classifiers on a
trusted dataset of stroke sources, considering distinctive
features (age, smoking status, body mass index, presence of
hypertension, heart disease, previous stroke) for early stroke
prediction. The results of the basic classifiers were combined
using the weighted voting approach to achieve a high accuracy
of 97%. Authors in [11] applied a set of ML algorithms
including Decision Tree (DT), logistic regression, RF, and
voting classification to the stroke dataset. The results showed
that RF is the best algorithm in terms of model performance
accuracy, which was estimated to be 96%. Authors in [12]
trained five different ML models (KNN, DT, Support Vector
Machine (SVM), RF, and Naive Baye) for early stroke
prediction and applied them to a reliable stroke prediction
dataset from Kaggle. The results showed that Naive Baye
performed well and achieved the highest accuracy of 82%.

Authors in [13] proposed the use of four ML models, as
well as hard and soft voting. The models were trained on a
stroke dataset and the factors or features that affect the
diagnosis of stroke were investigated. Several models were
developed and the RF classifier achieved an accuracy of
94.6%. Authors in [14] proposed the use of one of the
ensemble ML algorithms, the Xtreme Gradient Boosting
algorithm, on a stroke dataset. The data were divided into 70%
for training and 30% for testing, achieving an accuracy of 96%.
Authors in [15] designed an Al model for early prediction on a
stroke dataset. Several factors were examined and ML
techniques were applied, with logistic regression achieving the
highest accuracy estimated at 95.71%. To develop the best
model for stroke prediction, authors in [16] suggested the use
of seven ML algorithms: SVM, KNN, RF, Naive Bayes,
stacked majority voting, and DT. They trained the model on a
reliable dataset from Kaggle and several metrics were used to
measure the accuracy of the model performance, namely, F1
score, recall, precision, and accuracy. After preprocessing and
partitioning the data, the algorithms achieved an accuracy of
about 96%. Authors in [17] used ML algorithms for an
integrated approach to stroke prediction. They used data
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cleaning, imbalance treatment, and evaluated the model with
several metrics, including AUC, precision, recall, F1 score, and
accuracy. RF achieved the highest accuracy of 94.85%.

Previous studies have struggled with how well the
diagnosis was performed, possibly because they did not use
appropriate parameters to balance the dataset, resulting in
overlap with samples from the other category. No analytical
method has been used to select the appropriate models for the
dataset, due to limitations in classification accuracy.

II. METHODOLOGY

In this section, the proposed methodology is presented in
detail. Figure 1 illustrates the workflow of the proposed

methodology.
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The proposed methodology workflow.

Fig. 1.

A. Dataset Description

In this study, we selected the stroke dataset available on
Kaggle [18]. It contains 5110 cases, 249 positive cases and
4861 negative cases, each with 11 features indicating
information about the patients and their condition. In addition,
it contains a final feature indicating whether the patient has a
stroke or not [19]. There is a large imbalance between the
number of positive and negative cases and other issues that
need to be addressed. Therefore, a number of preprocessing
steps are performed to improve the quality of the data.

B. Preprocessing

Before starting the classification and diagnosis process, it is
necessary to examine the dataset to resolve possible problems
and improve the quality of the data [20], which will help to
provide the best training and achieve the highest classification
accuracy [21]. Therefore, in this part, we perform several

processes on the stroke dataset: missing data handling, label
encoder, data balancing and normalization.

First, we removed the feature "id" because it is unimportant
and does not affect the classification process. Then, we
examined all the features to find the missing values and
discovered that the feature "bmi" contains 201 missing values.
Therefore, in this paper, we used the mean value to fill in the
missing values. Second, the stroke dataset contains categorical
features, namely, smoking status, ever married, gender,
residence type, and work type. Considering that ML models
only deal with numerical values [22], we converted the above
features from categorical to numerical using the label encoder
function. Third, the stroke dataset contains 5110 cases, of
which 249 are positive and 4861 are negative. The number of
negative cases is higher than the number of positive cases, so
when ML models are trained on these data, they will have a
large bias towards negative cases and learn more about them
compared to the positive cases. Thus, the classification process
will suffer from bias due to the large difference between the
number of positive and negative cases [23]. Here, we used the
SMOTE method to balance the dataset because it generates
new samples of positive cases by using the KNN algorithm to
find the nearest neighbors for a given case. It then draws a line
between these cases and their neighbors, and then creates a new
sample on the straight line connecting them [24].

After applying the SMOTE algorithm, the number of
positive cases will be equal to the number of negative cases,
which is 4861 for each. The main reasons for using the
SMOTE method to balance the dataset are as follows: first, the
SMOTE method balances the data so that the number of
positive cases is exactly equal to the number of negative cases.
Second, SMOTE generates synthetic examples rather than
duplicating existing ones, which helps to reduce the risk of
overfitting [25].

Finally, we used Standard Scaler to scale the features
because there may be outliers in the dataset, and individual
features may exhibit strange behavior if the dataset is not
normally distributed [26]. The features have several dimensions
and scales, which makes it difficult to model the dataset [27].
The relationship between misclassification errors and accuracy
distorts the prediction results, so prior to modeling data scaling
is required [28]. Standard Scaler is used because it ensures that
features with different units have the same impact on the
model.

C. Splitting the Dataset

After performing the initial data processing, which
consisted of four stages to improve the data quality and
classification accuracy, we divided the stroke dataset into two
parts, namely training and testing. In this study, we used 80%
for training and 20% for testing, so that the comparison of our
results with previous works would be fair and flexible. Also,
we used the K-fold cross-validation metrics, where the selected
value of is 10.

D. Classification Models

The ML models used are considered to be among the best
for accurate classification according to the type and distribution

www.etasr.com

Abdulsamad et al.: A Robust Methodology for Stroke Disease Prediction using a Hard Voting Classifier



Engineering, Technology & Applied Science Research

Vol. 15, No. 3, 2025, 22830-22836 22833

of the stroke dataset. The proposed methodology is mainly
based on four ML models, specifically RF, ETC, DT, and
KNN. These four models were nominated as the best
performing models based on a series of experiments we
conducted as well as the analysis of previous studies. Stroke
detection is performed in two stages according to the proposed
methodology; in the first stage, we test the performance of our
proposed models separately based on a set of metrics. In the
second stage, we drop the worst performing model and pass the
remaining three models to the hard voting classifier. The hard
voting provides the final prediction, as shown in Figure 2.

] 1
o) ) |
1 1
(o) (o) |
L :

Top Three
Models

l

[ Hard Voting ]

Fig. 2. The process of selecting the best model for stroke prediction.

To analyze the contribution of each model within the hard
voting classifier, an ablation study was conducted. This
involved evaluating the individual performance of each model
and systematically removing them from the voting ensemble to
observe their impact on the final classification accuracy.
Therefore, we performed model-only performance, two-model
combinations, three-model combinations, and four-model
combinations to find the best combination of models that play
critical roles in the hard voting classifier. The three model
combinations are the best, with ETC contributing the most to
accuracy, followed by RF. KNN contributed to robustness but
had a relatively small impact. For the models, the default
hyperparameters of Scikit-learn were utilized. This was done to
ensure a fair comparison of models without hyperparameter
tuning bias and to increase repeatability, enabling future
researchers to reproduce findings and show baseline model
performance for fine-tuning.

II. RESULTS AND DISCUSSION

We used several metrics to show how well ML models
perform in these experiments. These include accuracy, K-fold
cross-validation, F1 score, precision, recall, AUC and ROC
curves, FPR, and FNR. First, we show the performance of the
models before and after dataset balancing and discuss its
importance in improving the performance of the models. Then,
we compare the performance of our proposed model with
previous studies in the same area using the same data set.

A. First Experiment

In this experiment, we applied the proposed methodology to
the stroke dataset, where a number of preliminary procedures

were performed, the most important of which was the dataset
balancing process. In this experiment, a balanced dataset was
used using SMOTE. The benefit of this process is that it
eliminates the bias during the training process due to the large
difference between the number of positive and negative cases.
As a result, the number of negative cases became equal to the
number of the positive cases, resulting in a total of 9722 cases.
In addition, the dataset was divided into 80% training and 20%
testing and fed to the models used. Table I shows the
performance results of the models after balancing the dataset,
and Table II explains the confusion matrix for each model. A
significant improvement in the performance of the models is
observed due to the balancing of the dataset, which eliminated
the bias during the training process, leading to proper and
correct training of the models. In addition, ETC achieved the
highest classification accuracy of 97.12%. Figure 3 shows the
AUC and ROC curves for each model after balancing the
dataset. It can be seen that ETC is clearly superior in terms of
AUC, which reached 0.9686, the highest value compared to the
rest of the models. This good performance is due to the
balancing of the dataset, which eliminates bias during the
training process.

TABLE 1. MODEL PERFORMANCE AFTER DATASET
BALANCING
Accuracy - 10-fold
Model (%) Precision F1 score Recall (%)
RF 96.45 0.9669 0.9644 0.9619 96.56
DT 87.56 0.8747 0.8756 0.8765 93.68
ETC 97.12 0.9771 0.9710 0.9650 96.33
KNN 92.24 0.8854 0.9259 0.9702 92.02
TABLE II. THE CONFUSION MATRICES OF THE MODELS
BEFORE BALANCING THE DATASET
Model Confusion matrix
966 2
RF 54 0
941 27
bT 49 5
965 3
ETC 54 0
967 1
KNN 53 1
1.0
0.8 -
s
£ 0.6 1
B
§ 0.4
|§
0.2 1 —— Random Forest, AUC=0.9645
——— Decision Tree, AUC=0.8756
—— Extra Trees Classifier AUC=0.9686
0.0 —— KNN, AUC=0.9224
0.0 0.2 0.4 06 0.8 1.0
False Positive Rate
Fig. 3. AUC and ROC curves for the models after dataset balancing.
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B. Second Experiment

In the first experiment, we found that DT is the worst
performing model. According to our proposed methodology,
we drop this model and pass the remaining three models (RF,
ETC, and KNN) to the hard voting classifier to get the final
stroke prediction. We conducted this experiment using the
balanced dataset and Table III shows the results of the hard
voting performance. As can be seen from this table, hard voting
performed much better than the models that were tested
separately in the first experiment. It achieved an accuracy of
97.48%, a precision of 0.9802, an F1 score of 0.9747, a recall
of 0.9691, and a 10-fold accuracy of 97.1%. Here we see the
importance of using voting classifiers in the prediction process
by merging more than one model to produce a single strong
model that carries the characteristics and strengths of the
models it is fed. Figure 4 shows the AUC and ROC curves for
the hard voting classifier and Figure 5 shows the accuracy and
K-fold cross-validation values for all the models, indicating
that the hard voting classifier is superior to the other models.
Clearly, the hard voting classifier outperformed the other
models with an accuracy of 97.48% and a K-fold of 97.1%.

To provide insight into the types of errors our models make,
we used the FPR and FNR, presented in Table IV, to evaluate
their reliability in different scenarios. Also, to demonstrate the
strength of our results and the contributions of our work, we
compare the performance results of our proposed methodology
with previous studies in Table V.
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TABLE III. PERFORMANCE RESULTS OF THE HARD
VOTING CLASSIFIER
. Hard voting classifier
Metrics (RF, ETC, KNN)
Accuracy (%) 97.48
Precision 0.9802
F1 score 0.9747
Recall 0.9691
10-Fold (%) 97.1
. . 954 19
Confusion matrix 30 VL)
1.0 A
—
0.8 1
L
]
0.6
[F]
=
5
2
w 0.4
2
=
0.2
0.0 —— Hard Voting, AUC =0.9748
O.IO 0j2 0.I4 0:6 O.IS l.IO
False Positive Rate
Fig. 4. The AUC and ROC curves for hard voting classifier.

Fig. 5. Accuracy and K-fold for all models.
TABLE IV. FALSE POSITIVE AND FALSE NEGATIVE RATES
FOR ALL MODELS
Model FPR (%) FNR (%)
DT 12.54 12.35
KNN 12.54 2.98
RF 3.29 3.81
ETC 2.26 3.50
Hard voting 1.95 3.09
TABLE V. PERFORMANCE COMPARISON OF THE
PROPOSED METHODOLOGY WITH RELATED WORKS
Reference Dataset Best model Acr;:)a <y
Stroke prediction
(1] dataset RE %6
Stroke prediction I
[5] dataset Naive bayes 82
Stroke prediction
[13] dataset RF 94.6
[14] Stroke prediction Extreme gradient, 96
dataset Boosting algorithm
Stroke prediction . .
[15] dataset Logistic regression 95.71
Stroke prediction
[16] dataset RF %
Stroke prediction
[17] dataset RF 94.85
Proposed Stroke prediction .
methodology dataset Hard voting 9748

Table V presents a comparative analysis of the performance
of our proposed methodology against related studies in stroke
prediction. Overall, this study proposes a novel integration of
ML models in a hard voting classifier for stroke prediction by
combining three high-performing models (RF, ETC, and KNN)
to improve prediction accuracy. In addition, the work uses K-
fold cross-validation, AUC-ROC analysis, and FPR/FNR to
ensure robustness. Our method outperforms existing stroke
prediction models, achieving a higher accuracy of 97.48%,
improved generalization through 10-fold cross-validation
(97.1% mean accuracy), and more reliable predictions by
reducing the FPR (1.95%) and the FNR (3.09%). In addition,
the hard voting classifier outperforms the individual models,
improving accuracy by +1.48% over RF and +0.36% over
ETC, thus increasing the F1 score by +1.03% over RF and
+0.37% over ETC. These enhancements make our model more
suitable for real-world stroke prediction applications, providing
a reliable decision support tool for early diagnosis. In
conclusion, this study highlights the potential of ML-based
stroke prediction to reduce the burden of stroke, particularly in
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resource-limited healthcare environments. However, reliance
on synthetic data, dataset bias, and feature limitations require
further research before clinical deployment.

IV. CONCLUSION

Stroke is a serious condition that should be prevented
before it occurs and is the second leading cause of death.
Before the advent of modern medical technology, stroke
detection relied primarily on the skill and experience of
healthcare providers. Today, information technology plays a
critical role in the medical field, helping to improve diagnosis,
patient care, and the overall efficiency of healthcare services.
Machine Learning (ML) models are very helpful in the early
prediction of cases that are likely to have a stroke, so that the
necessary measures can be taken to preserve the patient's life.
In this paper, we propose an effective methodology that utilizes
a hard voting classifier based on three ML models, namely,
Random Forest (RF), K-Nearest Neighbors (KNN), and Extra
Trees Classifier (ETC). First, we performed a series of initial
treatments to improve the data quality and balance the dataset
by using the Synthetic Minority Oversampling Technique
(SMOTE) method, which helps to eliminate bias during the
training process. Next, we divided the dataset into two parts, a
training part and a testing part, and these data were fed to the
models used. In the last phase, we implemented four ML
algorithms to evaluate their effectiveness, and then selected the
three most effective models for integration into our proposed
hard voting classifier. The proposed hard voting outperforms
the results of modern research, achieving an accuracy of
97.48%, a precision of 0.9802, a recall of 0.9691, and an F1
score of 0.9747. It also achieved a mean accuracy of 97.1% in a
10-fold cross-validation trial. This research lays the
groundwork for Al-driven stroke prediction by demonstrating
the potential of ensemble learning. By advancing scalable,
interpretable, and data-driven stroke prediction models, this
research paves the way for early intervention strategies,
ultimately reducing stroke mortality and improving global
healthcare outcomes. In future work, the integration of real-
world clinical data, real-time edge AI applications, and

explainable decision-making frameworks will empower
healthcare providers to make proactive, data-driven
interventions.
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