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ABSTRACT 

An abrupt cessation of blood flow to a specific region of the brain induces a stroke. In the absence of a 

blood supply, cerebral neurons progressively perish, leading to impairments that are specific to the 

affected region of the brain. The timely identification of symptoms can yield substantial insights that are 

instrumental in prognosticating stroke and advocating for overall well-being. This research paper utilizes 

Machine Learning (ML) to construct and assess multiple models that contribute to the development of a 

resilient framework for predicting the long-term risk of stroke. Majority voting technique that achieves 

high performance, as validated by numerous metrics including precision, recall,F-measure, and accuracy, 

is the primary contribution of this study. Majority voting classification outperformed the alternatives, as 

demonstrated by the experiment results, which included an F-measure (98.09%), precision (98.4%), and 

recall (97.8%), and an accuracy of 98.1%. 
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INTRODUCTION 

Stroke prevalence has been on the rise worldwide, making it a prominent contributor to mortality and 

impairment. Timely intervention is essential in reducing the long-term disability and mortality linked to 

stroke. Conventional approaches to forecasting the likelihood of a stroke, on the other hand, can require 

a significant amount of time and are susceptible to mistakes. Machine Learning algorithms have recently 

demonstrated significant potential in properly forecasting the likelihood of stroke by analyzing several 

clinical risk factors. By utilizing these algorithms, medical professionals can detect patients at a greater 

risk and take action at an early stage, thereby decreasing the occurrence of stroke-related problems and 

enhancing patient results.  

Furthermore, there is an increasing demand for clarity and comprehensibility in machine learning 

models used in the healthcare industry. Utilizing an interpretable machine learning model can offer 

doctors significant insights into the elements that contribute to a patient's risk of stroke, thereby 
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assisting in making treatment decisions. According to the World Stroke Organisation, over 13 million 

individuals worldwide suffer from a stroke annually, resulting in 5.5 million deaths [1].  

Stroke has a profound impact on several elements of a patient's life, encompassing their family, social 

surroundings, and employment. It is also recognized as one of the leading causes of death and disability 

worldwide [1], [2]. There is a widespread misunderstanding that stroke only affects specific 

demographics, such as the elderly or individuals with pre-existing health conditions. Indeed, anyone can 

be affected, irrespective of their age, gender, or physical well-being. A stroke is an acute and severe 

interruption in the circulation of blood to the brain, resulting in a deprivation of oxygen to brain cells.  

There are two types of this condition: ischemic and hemorrhagic. Strokes of moderate to severe intensity 

might result in either permanent or temporary harm, contingent upon their severity. Hemorrhagic 

strokes are few; yet, they occur due to the rupture of a blood vessel in the brain. The predominant kind 

of stroke occurs when an artery becomes obstructed or constricted, impeding the circulation of blood to 

the brain [3,4]. Individuals who are over the age of 55, have previously experienced a stroke or transient 

ischemic attack (TIA), have arrhythmia, high blood pressure, carotid stenosis caused by atherosclerosis, 

smoke, have high blood cholesterol, diabetes, obesity, are physically inactive, use estrogen therapy, have 

blood clotting disorders, use cocaine or amphetamines, or have heart conditions such as infarction and 

cardiac arrest, are all at an increased risk for stroke [5-7].  

Strokes can manifest abruptly, and the symptoms they produce can vary 

and catch one by surprise. The primary manifestations of a stroke encompass unilateral paralysis, facial, 

arm, or leg numbness, speech and gait impairment, vertigo, impaired vision, cephalalgia, emesis, facial 

drooping, and, in extreme instances, unconsciousness and coma. These sensations can occur abruptly or 

gradually, and in certain uncommon instances, they might lead to heightened consciousness [8-10]. 

Stroke can have a detrimental effect on both males and females, reducing their overall well-being and 

placing a burden on public health resources. The scientific community places great importance on 

developing predictive models for strokes in order to prevent them, and artificial intelligence (AI) plays a 

crucial role in this effort as it is widely used for illness prevention. Multiple studies have been conducted 

to develop models for diagnosing strokes [11-13], predicting treatment outcomes and patient responses, 

and designing personalized rehabilitation strategies [14-16]. 

This research work presents a binary classification model for stroke prediction based on ML.This work 

recognizes that class balancing is extremely important for better prediction of stroke disease and 

employs Synthetic Minority Over-sampling Technique (SMOTE) [28] for achieving the same. This work 

utilizes classifiers such as k-Nearest Neighbour (k-NN), Support Vector Machine (SVM), Naïve Bayes (NB), 

MultiLayer Perceptron (MLP), Decision Tree (DT), Stochastic Gradient Descent (SGD) and Random Forest 

(RF). Additionally, stacking and majority voting techniques are also employed for further analysis.  

The remaining portion of the paper is structured in the following manner. Section 2 provides an overview 

of the pertinent literature related to the subject being discussed. Next, Section 3 provides a detailed 

explanation of the dataset and presents an analysis of the approach that was used. Furthermore, Section 
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4 provides a detailed account of the experimental configuration and a comprehensive analysis of the 

obtained study findings. Section 5 provides an outline of the conclusions and future directions. 

Related Works 

The authors of [17] obtain a stroke dataset from the Sugam Multispecialty Hospital in India and employ 

mining and machine learning techniques to categorize the different types of strokes. The support vector 

machine and ensemble (bagged) models achieved an accuracy of 91%, however the artificial neural 

network trained using the stochastic gradient descent approach outperformed other algorithms, with a 

classification accuracy exceeding 95%. 

In [18], the authors employ a modified random forest algorithm to make predictions for strokes. This was 

utilized to assess the levels of risk associated with strokes. According to the authors' suggestion, this 

approach is reported to have outperformed the existing algorithms. This specific research is limited in its 

applicability to only a select few types of strokes and cannot be extended to encompass any novel stroke 

forms that may arise in the future. 

The authors of study [19] investigated the efficacy of machine learning (ML) techniques in accurately 

identifying patients who are suitable candidates for thrombolysis within the recommended time frame. 

This identification was based on the analysis of diffusion-weighted imaging (DWI) and fluid-attenuated 

inversion recovery (FLAIR) magnetic resonance imaging. Three models were created utilizing three 

distinct machine learning algorithms: linear regression, support vector machine, and random forest. 

These models aimed to recognize strokes based on sensitivity and specificity within a given time frame. 

The sensitivity and specificity of ML algorithms outperformed human readers by a large margin. 

However, as the approach was only evaluated on a small amount of patients' data, the projected time it 

takes to identify a stroke may vary. 

Jenna R.S. and Dr. Sukesh Kumar [20] conducted a study where they evaluated the performance of 

several kernel functions in the Support Vector Machine approach for stroke prediction. They concluded 

that the Support Vector Machine algorithm demonstrated excellent performance. The Kernel Linear 

Function gave the highest results in the experiments, achieving an accuracy of 91.7%, followed by the 

Polynomial function with an accuracy of 89.0%. However, this research has only utilized a limited amount 

of datasets, specifically 350 datasets for both training and testing purposes. 

In [22], the authors utilized four machine learning algorithms to examine an individual's physical 

condition and medical report data in order to ascertain the specific type of stroke that may be imminent 

or has already taken place. They possessed a substantial assortment of medical records that they utilized 

to resolve their problem. The classification outcome indicated that the result was satisfactory and 

suitable for use as a real-time medical report. They hypothesized that machine learning algorithms could 

enhance comprehension of ailments and serve as an exceptional healthcare collaborator. However, the 

distribution of the dataset among all classes was not perfectly symmetrical, which could potentially lead 

to inaccuracies when trying to differentiate between stroke rates based on the number of patients. 
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In a study conducted by Adam et al. [22], the objective was to determine the optimal method for 

categorizing ischemic strokes. The classification of ischemic stroke was performed using two models: a K-

Nearest Neighbor method and a decision tree algorithm. Their study revealed that the decision tree 

algorithm was more user-friendly for medical professionals. 

The authors employ a Machine learning system in [23] to forecast occurrences of strokes. This work 

utilized many physiological parameters to train five distinct models with the aim of achieving precise 

prediction. The algorithms used in this analysis are Logistic Regression, Decision Tree Classification, 

Random Forest Classification, K-Nearest Neighbors, Support Vector Machine, and Naive Bayes 

Classification. The Naive Bayes Classification achieves superior performance, attaining an accuracy rate 

of 82%. According to the author, the research will utilize Neural Network training to broaden its 

coverage. 

Harshitha et al. [24] evaluated the performance of five distinct machine learning techniques in predicting 

the probability of stroke. The models employed were Random Forest, Logistic Regression, K Nearest 

Neighbor, Decision Tree, and Support Vector Machine. The Random Forest model achieved the highest 

accuracy rate of 95.5% and was selected as the top model because to its exceptional accuracy and little 

occurrence of false negatives.  

Dev et al. [25] conducted a study to identify crucial factors for predicting strokes using statistical 

approaches. The performance of neural networks, decision trees, and random forests was assessed in 

three different scenarios: using the original features, using PCA-transformed data from the first two 

principal components, and using PCA-transformed data from the first eight components. The study 

identified the key indicators for diagnosing stroke, and after testing various methods, it was found that a 

perceptron neural network with four crucial attributes achieved the best accuracy rate and the lowest 

rate of misdiagnosis.  

In [26], the authors employed the Healthcare Dataset Stroke to evaluate the effectiveness of distributed 

machine-learning systems in forecasting stroke. The stroke prediction model was constructed with 

Apache Spark, a renowned big data platform, in combination with the MLlib package. The classification 

techniques utilized were Decision Tree, Support Vector Machine, Random Forest Classifier, and Logistic 

Regression. In order to enhance the results, the process of cross-validation and hyperparameter 

optimization were implemented. The Random Forest Classifier outperformed the other models, 

achieving a 90% accuracy across all performance metrics including Accuracy, Precision, Recall, and F1-

measure.  

The authors of the paper [27] examine the difficulties and inherent prejudices of deep learning 

algorithms in the field of medical picture analysis. The authors suggest tactics to enhance the 

comprehensibility and reliability of these algorithms, such as employing visualization approaches, 

feature attribution methods, and interpretable models. The essay offers useful perspectives on the 

significance of guaranteeing transparency and comprehensibility of deep learning algorithms in medical 

picture analysis for both medical professionals and patients. 
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Motivated by these existing stroke prediction techniques, this article aims to present a ML based stroke 

prediction technique that could prove minimal False Positive (FP) and False Negative (FN) rates. The 

proposed work is elaborated in the following section. 

PROPOSED MACHINE LEARNING BASED STROKE PREDICTION SYSTEM 

The primary contribution of this research is the utilization of diverse algorithms on a publicly accessible 

dataset (obtained from the Kaggle website) to compare and determine the most effective strategy for 

predicting the occurrence of a stroke. This study utilizes machine learning algorithms as classification 

tools to predict the presence of stroke disease based on several associated factors. 

Various performance metrics, including accuracy, precision, recall, F-1 score, and AUC curve, are 

calculated and compared among different classification models to see which one provides more accurate 

predictions on the dataset. The experimental results of the proposed approaches were compared with 

the previous works to demonstrate the originality of the work. The complete work is organized into three 

phases, such as data collection, data pre-processing, description of machine learning models and class 

label prediction. All these phases are presented in the forthcoming sections. 

3.1 Data Collection 

The study was conducted utilizing the stroke prediction dataset accessible on the Kaggle website [29]. 

The dataset consists of 5110 rows and 12 columns. The dataset has 11 characteristics and 1 target 

variable. The stroke of the output column is either 1 or 0. A stroke risk assessment was conducted upon 

detecting the value 1, whereas no such assessment was conducted when the value 0 was presented. We 

narrowed our focus on participants who were 18 years of age or older from this dataset. The total 

number of participants was 3254. Detailed descriptions of all attributes (10 for input to ML models and 1 

for the target class) are provided below. 

• Age (in years): This attribute denotes the participants' age in years who have surpassed the 

minimum age of 18. 

• Gender: This attribute pertains to the gender of the participant. 1984 constitutes the female 

population, while 1260 males are present. 

• Hypertension: This attribute denotes the presence or absence of hypertension in the participant. 

12.54 percent of the participants are diagnosed with hypertension. 

• Heart disease status: This attribute indicates whether or not the individual in question is afflicted 

with heart disease. 6.33 percent of the participants are afflicted with cardiovascular disease. 

• This attribute signifies the marital status of the respondents, of which 79.84% are presently 

married. 

• Work type comprises four categories that represent the work status of the participant: private 

(75.02%), self-employed (19.21%), government-employed (15.67%), and never-worked (0.1%). 

• The residence type attribute denotes the residing status of the participant and is divided into 

two categories: rural (48.86%) and urban (51.14%). 
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• Average glucose level (mg/dL): This parameter measures the average glucose level of the 

participant. 

• The body mass index (Kg/m2) is a metric utilized to determine the weight of the participants. 

• Smoking Status: This attribute records the smoking status of the participant and is divided into 

three categories: current smokers (22.37%), never smokers (52.64%), and former smokers 

(24.90%). 

• Stroke: This attribute indicates whether or not the participant has experienced a stroke in the 

past. 5.53 percent of the participants have experienced a cerebrovascular accident. 

 The dataset consists of twelve attributes, as stated previously. Initially, the column id is 

disregarded as its presence does not influence the formation of the model. The dataset is then examined 

for null values and populated accordingly. The null values in the BMI column are populated with the 

"most frequent" value from the data column. Label encoding transforms the string literals in the dataset 

into integer values that are comprehensible to the computer. The strings must be converted to integers 

due to the fact that computers are generally programmed to process numerical data.  

The acquired dataset comprises five columns, namely smoking status, work type, ever married, 

gender, and residence type, each containing data of the string variety. All strings are encoded and the 

entire dataset is converted to a set of numbers during label encoding. The dataset used to forecast 

stroke is notably unbalanced. The -e dataset comprises 5110 cells, of which 249 indicate the probability 

of a stroke and 4861 demonstrate its absence. Although the use of such data to train a model at the 

machine level may result in improved accuracy, alternative metrics of accuracy such as recall and 

precision are inadequate. Failure to properly manage such uneven data would result in erroneous 

conclusions and render the forecast useless. Hence, prioritizing the resolution of this irregular data is 

imperative for the development of an effective model.  

To rectify the inequitable distribution of participants between the stroke and non-stroke groups, SMOTE 

[28] was implemented. To be more precise, the'stroke' minority class was oversampled to ensure that 

the distribution of participants was uniform. Furthermore, no missing or null values were present, so 

neither data imputation nor discarding was performed. The significance of features is a fundamental 

element in classification analysis that enables the construction of precise and high-fidelity machine 

learning models. The classifiers' accuracy increases until the optimal number of features is taken into 

account.  

It is possible for the performance of machine learning models to decline when irrelevant features are 

incorporated during the training process. The act of feature ranking entails the allocation of a numerical 

value to every feature present in a given dataset. This approach prioritizes the most significant ones, 

specifically those that have the potential to make a substantial contribution to the objective variable and 

improve the accuracy of the model, which is achieved by Information Gain Ratio (IGR). 
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Fig.2. Ranked features by IGR 

IGR focuses on non-zero values and is an enhancement of Information Gain (IG). The main merit of IGR is 

that it takes all the distinct values into account. The required information for value classification is 

calculated by 

𝐼𝐺𝐷𝑆 = − [
𝑜.𝑓(𝑐𝑙1,𝐷𝑆)

|𝐷𝑆|
] 𝑙𝑜𝑔2 [

𝑜.𝑓(𝑐𝑙1,𝐷𝑆)

|𝐷𝑆|
](1) 

Where [
𝑜.𝑓(𝑐𝑙1,𝐷𝑆)

|𝐷𝑆|
] is the probability of the occurrence frequency of a sample, which is a part of class 𝑐𝑙1. 

Consider that a feature 𝐹𝑡 consists of 𝑥 number of different values {𝐹𝑡1, 𝐹𝑡2, 𝐹𝑡3 … . 𝐹𝑡𝑥}, such that the 

training dataset can be divided into 𝑥 subclasses {𝑐𝑙1, 𝑐𝑙2, 𝑐𝑙3 … . 𝑐𝑙𝑥}.  In this case, 𝑥 is 2 and the 

information gain of a feature is calculated by 

𝐼𝐺(𝐹𝑡) = [
|𝐹𝑡𝑖|

|𝐹𝑡|
] × 𝐼𝐺(𝐹𝑡𝑖) (2)  

The information gain ratio is calculated as follows 

𝐼𝐺𝑅(𝐹𝑡) = [
𝐼𝐺𝐷𝑆−𝐼𝐺(𝐹𝑡)

𝐼𝐺𝐷𝑆+𝐼𝐺(𝐹𝑡)
] × 100 (3) 

The IGR of all features are calculated by the above equation and the features are ranked by IGR. The 

most important features of this dataset are found to be heart_disease and hypertension and the least 

important features are residence type and ever_married. The ranks attained by the features are 

represented in graphical format in figure 2. As observed from figure, all the features prove a positive 

score such that the ML model can perform effectively in class prediction. 

3.2 ML Models 

The utilized ML models for stroke prediction are explained in this section. 
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3.2.1 k-NN 

The K-NNs classifier is a method that calculates the similarity or difference between two occurrences in 

the dataset being analyzed using distance metrics such as Euclidean or Manhattan. The Euclidean 

distance is the most straightforward and often employed method. Let 𝑓𝑡𝑛𝑒𝑤be the feature vector of a 

new sample that will be identified as either a stroke or non-stroke candidate. The KNN classifier 

identifies the ‘K’ vectors that are closest to 𝑓𝑡𝑛𝑒𝑤 . Next, the value of 𝑓𝑡𝑛𝑒𝑤 is allocated to the class that 

the majority of its neighbors belong to. 

3.2.2 SVM 

A Support Vector Machine (SVM) is a supervised learning algorithm that classifies unknown data based 

on labelled data [3]. The expression of decision boundaries in this context relies on the utilization of 

decision planes or hyperplanes [19]. A hyperplane is employed to partition the set of data objects into 

distinct classes. The Radial Basis Function (RBF) kernel was utilized with a parameter value of 1. The SVM 

algorithm aims to classify data by constructing a function that accurately assigns each data point to its 

correct label while minimizing errors and maximizing the margin between different classes. 

3.2.3 NB 

NB renders greater probability, in case of independent features. The probability of class ‘𝐶𝑙’ is increased, 

when a new data sample ‘𝐷𝑆’ with feature vector ‘𝑓𝑡𝑖’ is classified, which is shown in eqn.(4).  

𝑃𝑅(𝐶𝑙|𝑓𝑡𝑖1, 𝑓𝑡𝑖2, … 𝑓𝑡𝑖𝑛) =
𝑃𝑅(𝑓𝑡𝑖1, 𝑓𝑡𝑖2, … 𝑓𝑡𝑖𝑛|𝐶𝑙)𝑃𝑅(𝐶𝑙)

𝑃𝑅(𝑓𝑡𝑖1,𝑓𝑡𝑖2,…𝑓𝑡𝑖𝑛)
                                                             (4) 

𝑃𝑅(𝑓𝑡𝑖1, 𝑓𝑡𝑖2, … 𝑓𝑡𝑖𝑛|𝐶𝑙) = ∏ 𝑃𝑅(𝑛
𝑗=1 𝑓𝑡𝑖𝑗|𝐶𝑙)                                                                      (5) 

The prior probabilities of features and class are given by 𝑃𝑅(𝑓𝑡𝑖1, 𝑓𝑡𝑖2, … 𝑓𝑡𝑖𝑛) and 𝑃𝑅(𝐶𝑙) respectively. 

The maximization equation of (4) is as follows. 

𝐶𝑙̂ = arg 𝑚𝑎𝑥  𝑃𝑅(𝐶𝑙) ∏ 𝑃𝑅(𝑛
𝑗=1 𝑓𝑡𝑖𝑗|𝐶𝑙)                                                                              (6) 

𝐶𝑙 ∈ {′𝑆𝑡𝑟𝑜𝑘𝑒′, ′𝑁𝑜𝑛 − 𝑆𝑡𝑟𝑜𝑘𝑒′}                                                                              (7) 

3.2.4 DT 

Decision Tree (DT) classification is a versatile method that may be used for both regression and 

classification problems. This methodology employs a supervised learning algorithm and a target variable. 

It has arboreal traits. The decision tree consists of two main components: the decision node and the leaf 

node. The data is partitioned at the initial node and subsequently merged at the second node to produce 

the output. Due to its ability to replicate the stages of human creation of real-world objects, DT is easily 

comprehensible. The algorithm operates on the assumption that the presence or absence of a specific 

attribute in the dataset is influenced by other attributes, and it aids in classifying the target into a specific 

category. 

3.2.5 SGD 
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Stochastic Gradient Descent (SGD) is an optimization method that may be used to train different linear 

models and is not limited to a particular family of machine learning models. The approach is efficient as 

it computes the gradient using only one sample at each iteration. Minibatch functionality is enabled, 

making it well-suited for handling large-scale challenges. 

3.2.6 RF 

The Random Forest (RF) algorithm utilizes multiple independent decision trees and develops distinct 

subsets of instances through resampling in order to accomplish classification and regression tasks. Every 

decision tree produces its own categorization result, and the final class is determined by majority voting. 

3.2.7 Majority Voting 

When using a group of ′𝐾′ basic models, simple majority voting may be used to forecast the class label of 

an input instance. This can be done through either hard or soft voting methods. The former consolidates 

the votes corresponding to each class label and selects the one with the highest number of votes as the 

candidate class. The latter calculates the total of the expected probabilities for each class label and then 

predicts the class label with the highest likelihood. In this context, the method of hard voting was 

implemented. The equation below shows the overall function of the system. 

𝑚𝑎𝑥 ∑ 𝑃𝑘,𝑐𝑙
𝐾
𝑘=1                                                                                                                         (8) 

𝑃𝑘,𝑐𝑙 prediction of model ‘𝑘’ in class 𝑐𝑙(stroke, non-stroke). 

Hence, the ML models are explained in this section and the following section discusses the results 

proven by the models. 

4. Results and Discussion 

This section assesses the efficacy of the ML models by employing Python and    Scikit-learn libraries. 

Experiments were conducted on a personal computer with the subsequent attributes: x64-based 

processor, Intel(R) Core(TM) i7-9750H processor at 2.60 GHz and 2.59 GHz, 16 GB of memory, Windows 

10 Home 64-bit operating system. In our experimental setup, we utilized 10-cross validation to evaluate 

the performance of the models on the balanced dataset comprising 6148 instances. In order to construct 

the layering model, a fusion was performed on four base classifiers. To be more precise, the results 

obtained from Naïve Bayes, random forest andDT were incorporated into a logistic regression meta-

classifier. 

Various performance metrics were collected during the assessment of the ML models under 

consideration. For the purpose of this analysis, we will take into account the most frequently used ones 

from the relevant literature. Sensitivity, also known as recall (true positive rate), quantifies the 

proportion of participants who experienced a stroke and were accurately identified as positive, relative 

to all positive participants. Precision (Ρ) and recall(Γ), on the other hand, are more appropriate for 

identifying errors within a mode. 
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Ρ =
Tp

Tp+Fp
 (9) 

Γ =
Tp

Tp+Fn
                                                                                                                               (10) 

Φ =
2(Ρ∗Γ)

Ρ+Γ
                                                                                                                              (11) 

Α =
Tp+Tn

Tp+Fp+Tn+Fn
                                                                                                                    (12) 

The results shown by the proposed work is shown in the following figure 2 and tabulated in table 1 

correspondingly. 

Table 1. Performance comparison of classifiers 

Classifiers/Perf.measures Precision 
(%) 

Recall 
(%) 

F-measure 
(%) 

Accuracy 
(%) 

k-NN 91.6 87.6 89.55 90.8 

SVM 95.8 92.8 94.27 93.4 

NB 93.2 88.4 90.73 92.1 

DT 90.88 83.6 87.08 88.4 

SGD 78.92 77.8 78.35 80.8 

RF 96.8 91.6 94.12 94.3 

Majority Voting 98.4 97.8 98.09 98.1 

 

 

Fig.2. Performance of classifiers 

In all considerations of metrics, the majority voting model implemented beneath the chosen foundation 

models was the most efficient. Exact values were also attained by the RF and SVM classifiers. The 
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majority voting model outperforms the SVM by 3.8% on the F-measure, and RF and NB by 3.9% and 

7.3%, respectively. The results of the present investigation are shown compared with those of the study 

described in [35] using the identical dataset [34] in Table 2.  

Table 2. Performance comparison against existing approaches 

Techniques/Perf.measures Precision 
(%) 

Recall 
(%) 

F-measure 
(%) 

Accuracy 
(%) 

Proposed MV based + IGR 98.4 97.8 98.09 98.1 

Proposed MV based 96.8 95.2 95.99 97.3 

[17] 96.4 93.8 95.08 97.2 

[23] 97.5 96.4 96.94 96.8 

 

All proposed models, with DT and RF in particular, exhibit a substantial improvement over their 

respective performance in terms of recall, F-measure, and accuracy when compared to [17 and 23]. In 

summary, the majority voting method continues to exhibit superior performance and is the primary 

recommendation of our research.  

 

Fig.3. Comparative analysis against existing approaches 

This study is limited by the fact that it was constructed using a publicly accessible dataset. These data 

possess distinct characteristics and dimensions in contrast to data obtained from medical facilities or 

academic institutions. Although the latter could provide more comprehensive information in the form of 

data models with numerous features that capture a detailed health profile of the participants, it is 
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typically difficult and time-consuming to obtain such data due to privacy concerns. From the 

experimental results, it is evident that the proposed work proves better performance with reasonable F-

measure and accuracy rates. 

Conclusions 

A stroke is a life-threatening condition that necessitates prevention and/or treatment in order to avert 

unanticipated complications. In the current era, clinical providers, medical specialists, and decision-

makers can utilize established models to identify the most pertinent characteristics (or, alternatively, risk 

factors) associated with the occurrence of strokes and to calculate the corresponding probability or risk. 

This research examines the efficacy of different ML algorithms in order to determine which one provides 

the most precise stroke prediction using a variety of profile features of the participants.  

The assessment of the classifiers' performance, which incorporates accuracy, F-measure (a metric that 

combines precision and recall), is largely appropriate for interpreting the models and presenting their 

classification capabilities. Furthermore, they disclose the predictive capability and validity of the models 

with respect to the stroke category. With an accuracy of 98.1%, majority voting classification techniques 

outperforms the alternatives with an F-measure, precision, and recall rates of 98.04%, 98.4%, 97.8% 

respectively. Therefore, the majority voting classification is an effective strategy for identifying 

individuals, who are at a heightened risk of developing a chronic stroke. In future, this work can be 

extended by employing real-time dataset and deep learning techniques. 
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