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Abstract— The increasing need for early 

detection of stroke-related conditions has led to 

the development of intelligent healthcare 

prediction systems that can analyze patient data 

efficiently and accurately. This project presents 

a machine learning-based healthcare 

classification system designed to identify 

whether a given dataset corresponds to normal 

or stroke conditions. The application provides a 

user-friendly interface where users can upload a 

healthcare dataset, visualize the distribution of 

normal and stroke cases through graphical 

representation, and perform data preprocessing 

by splitting the dataset into 80% training and 

20% testing data. The system incorporates 

multiple machine learning algorithms, including 

Random Forest, Logistic Regression, Support 

Vector Machine (SVM), K-Nearest Neighbors 

(KNN), Naïve Bayes, XGBoost, and CatBoost, to 

perform classification. Each model is trained 

individually, and its performance is evaluated 

using accuracy and confusion matrix analysis. 

Among these, Random Forest and CatBoost 

achieved the highest accuracy of 95%, while 

KNN and XGBoost also demonstrated strong 

performance with 91% and 89% accuracy 

respectively. Logistic Regression, SVM, and 

Naïve Bayes provided moderate results, 

contributing to a comprehensive comparison of 

different techniques. The confusion matrix 

visualization helps in understanding prediction 

performance, where correct classifications 

dominate and misclassifications are minimal. 

Additionally, the system includes a comparison 

module that evaluates all algorithms based on 

multiple performance metrics, allowing users to 

identify the most effective model. A prediction 

feature is also integrated, enabling users to 

upload new test data and obtain real-time 

classification results indicating whether the data 

corresponds to a stroke or normal condition. 

Overall, the proposed system reduces manual 

effort in healthcare data analysis and supports 

accurate and fast decision-making. By 

combining multiple machine learning techniques 

and interactive visualization, it serves as a 

practical tool for stroke prediction and 

healthcare data classification. 

Keywords—Stroke prediction, healthcare data 

analysis, machine learning, classification, 

Random Forest, CatBoost, XGBoost, Logistic 

Regression, Support Vector Machine (SVM), K-

Nearest Neighbors (KNN), Naïve Bayes, data  

 

preprocessing, training-testing split, SMOTE, 

confusion matrix, performance evaluation, 

accuracy, real-time prediction, interactive 
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I. INTRODUCTION 

The rapid growth of digital healthcare systems has 

made it easier to collect, store, and analyze patient 

data for better medical decision-making [1,3,5]. 

Hospitals and diagnostic centers generate large 

volumes of data related to patient health conditions, 

which can be used to identify serious diseases such 

as stroke at an early stage [3,5]. Stroke is a critical 

medical condition that requires timely detection 

and treatment to reduce risks and complications 

[1,3]. However, analyzing such large datasets 

manually is time-consuming and prone to errors. 

Traditional methods depend heavily on human 



IJDIM, 2026, 5 (1), 987-994 | 988 International Journal of Data Science and IoT Management System 

    International Journal of 

            DATA SCIENCE AND IOT MANAGEMENT SYSTEM 
                       ISSN: 3068-272X                                           www.ijdim.com                                              Original Research Paper 

 

expertise, which may not always provide consistent 

results, especially when dealing with complex 

patterns in data [2,4]. This creates a strong need for 

automated systems that can assist in accurate 

diagnosis. Machine learning techniques offer an 

efficient solution by identifying patterns and 

relationships within healthcare data [11,15,16]. By 

using trained models, it becomes possible to 

classify patient records into normal or stroke 

categories [12,13]. In this project, a user-friendly 

application is developed where users can upload 

healthcare datasets, visualize the data distribution 

through graphs, and perform preprocessing steps 

such as splitting the dataset into training and testing 

sets [15]. This approach helps in simplifying data 

analysis and supports faster and more reliable 

healthcare predictions. 

With the advancement of machine learning 

algorithms, healthcare data analysis has become 

more accurate and efficient compared to traditional 

statistical approaches [16,17]. Different 

classification algorithms provide varying levels of 

performance based on the nature of the dataset 

[15,16]. In this system, multiple algorithms such as 

Random Forest, Logistic Regression, Support 

Vector Machine (SVM), K-Nearest Neighbors 

(KNN), Naïve Bayes, XGBoost, and CatBoost are 

used to train and evaluate the dataset [15,16]. Each 

model learns from the training data and is tested on 

unseen data to measure its performance. The results 

are evaluated using accuracy scores and confusion 

matrix graphs, which clearly show the number of 

correct and incorrect predictions [15,16]. Advanced 

models like Random Forest and CatBoost achieve 

higher accuracy due to their ability to handle 

complex data patterns [15], while simpler models 

like Logistic Regression and Naïve Bayes provide 

moderate performance [15,16]. The use of multiple 

algorithms allows a detailed comparison of results, 

helping to identify the most suitable model for 

stroke prediction. Visualization techniques further 

enhance understanding by presenting results in a 

clear and interpretable manner, making the system 

useful for both technical and non-technical users 

[12,13]. 

The developed system provides a complete 

platform for healthcare data classification and 

prediction through an interactive interface [12,15]. 

Users can easily upload datasets, preprocess the 

data, train different machine learning models, and 

compare their performance using graphical 

representations [15,16]. One of the key features of 

the system is the comparison module, which 

evaluates all algorithms based on multiple 

parameters, allowing users to understand which 

model performs best [15]. In addition, the system 

includes a prediction module where users can 

upload new test data and obtain immediate results 

indicating whether the condition is normal or 

related to stroke [12,18]. This real-time prediction 

capability makes the system practical for 

supporting early diagnosis [12,14]. The confusion 

matrix visualization helps users understand model 

performance by highlighting correct and incorrect 

classifications [15,16]. Although the system 

achieves high accuracy with certain algorithms, its 

effectiveness depends on the quality and diversity 

of the dataset used for training [15,20]. If the 

dataset does not include sufficient variations, the 

model may not generalize well to new data [15,19]. 

Future improvements can focus on enhancing 

dataset quality and integrating advanced techniques 

to further improve prediction accuracy and 

reliability in healthcare applications [18,20]. 

II. RELATED WORK 

 

Elloker and Rhoda (2018) [2] Elloker and Rhoda 

conducted a systematic review to investigate the 

relationship between social support and 

participation in stroke rehabilitation. Their research 

emphasized the critical role of social and 

community factors in improving recovery 

outcomes for stroke patients. The study highlighted 

that patients with higher levels of social support 

demonstrated better engagement in rehabilitation 

activities, leading to improved functional 

outcomes. This work contributes to understanding 

non-clinical factors affecting stroke recovery and 

suggests integrating social support mechanisms 

into patient care planning. It also underlines the 

need for personalized strategies to enhance post-

stroke participation and quality of life. 

 

Katan and Luft (2018) [3] Katan and Luft 

presented a detailed analysis of the global burden 

of stroke. Their research focused on the 

epidemiological trends, mortality rates, and 

socioeconomic impact of stroke worldwide. The 

study highlighted disparities in stroke prevalence 

between developed and developing regions and 

emphasized the importance of early diagnosis and 

preventive healthcare measures. The authors 

discussed the need for integrating data-driven 

approaches to monitor stroke risk factors and to 

improve healthcare resource allocation. This 

research lays the foundation for designing 

predictive models and healthcare systems for stroke 

management. 

 

Bustamante et al. (2021) [4] Bustamante and 

colleagues explored the use of blood biomarkers to 

differentiate ischemic and hemorrhagic strokes. 

Their work focused on identifying reliable 

molecular indicators that can improve early stroke 
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classification. The study demonstrated that specific 

biomarkers significantly enhance diagnostic 

accuracy, allowing for timely intervention and 

better patient outcomes. By combining clinical and 

biomarker data, this research provides a framework 

for improving predictive models in stroke 

detection. It emphasizes the importance of 

integrating multiple data sources for precise 

healthcare predictions. 

 

Wang et al. (2020) [15] Wang and collaborators 

conducted a systematic review of machine learning 

models for predicting stroke outcomes using 

structured healthcare data. Their research compared 

various algorithms, including Random Forest, 

SVM, and ensemble models, to evaluate their 

predictive performance. The study concluded that 

machine learning can significantly enhance the 

accuracy of stroke prognosis by identifying 

complex patterns in patient data. It also highlighted 

the importance of using high-quality datasets and 

feature selection techniques to improve model 

generalization. This work provides insights into 

selecting and optimizing machine learning 

algorithms for healthcare applications. 

 

Islam et al. (2022) [18] Islam and colleagues 

proposed an explainable artificial intelligence 

model for stroke prediction using EEG signals. 

Their approach focused on developing interpretable 

models that provide both accurate predictions and 

insights into the contributing factors. The study 

demonstrated that integrating explainable AI with 

clinical signals improves trust and usability for 

healthcare professionals. This research emphasizes 

the need for transparency in predictive models, 

particularly in critical applications such as stroke 

diagnosis. It contributes to advancing reliable, data-

driven tools for real-time clinical decision support. 

 

III. DATASET DETAILS 

The dataset used in this project contains patient 

health records aimed at identifying stroke 

occurrences. It includes clinical information such 

as age, blood pressure, cholesterol, glucose levels, 

and other relevant medical indicators, along with a 

label specifying whether the patient is normal or 

has experienced a stroke. These features are 

essential for training machine learning models to 

classify patient conditions accurately. Initially, the 

dataset was examined to ensure completeness and 

consistency. Preprocessing steps were applied, 

including handling missing values, normalizing 

numerical data, and encoding categorical variables. 

Simple visual analysis was also performed to 

understand the distribution of normal and stroke 

cases, which helped identify any imbalance or 

irregularities in the dataset. These steps improve 

the quality of the data and ensure that the models 

learn meaningful patterns during training. 

After preprocessing, the dataset was divided into 

training and testing sets, with 80% of the records 

used for model training and 20% reserved for 

evaluating model performance. The input features 

consisted of patient health indicators, while the 

output labels indicated whether the condition was 

normal or related to stroke. This separation allows 

for proper evaluation of how well models 

generalize to unseen data. Multiple machine 

learning algorithms, including Random Forest, 

Logistic Regression, Support Vector Machine 

(SVM), K-Nearest Neighbors (KNN), Naïve Bayes, 

XGBoost, and CatBoost, were trained on the 

dataset. The quality of dataset preparation is 

critical, as it directly influences the accuracy and 

reliability of the predictive models. 

To aid understanding and interpretation, 

visualization tools such as confusion matrices and 

accuracy charts were incorporated. Confusion 

matrices highlight the number of correct and 

incorrect predictions for each model, while 

accuracy scores provide a numerical measure of 

performance. Models like Random Forest and 

CatBoost achieved higher accuracy due to their 

ability to handle complex patterns in patient data, 

whereas simpler models such as Logistic 

Regression and Naïve Bayes showed moderate 

performance. By using well-prepared data and clear 

visual feedback, the system allows users to 

compare model performance effectively and 

supports reliable early detection of stroke in 

healthcare applications. 

 

 

IV. PROPOSED METHODOLOGY 

 

The proposed system follows a structured machine 

learning approach for detecting stroke in patient 

data, with a focus on achieving high accuracy using 

the CatBoost algorithm. Initially, the healthcare 

dataset is uploaded into the system through a user-

friendly interface. The dataset contains patient 

health indicators, including age, blood pressure, 

cholesterol, glucose levels, and other relevant 

clinical information, along with labels indicating 

whether a patient is normal or has experienced a 

stroke. Basic preprocessing steps are applied to 

ensure data quality, such as handling missing 

values, normalizing numerical features, and 

encoding categorical variables. Simple 

visualizations are generated to observe the 

distribution of normal and stroke cases, which 
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helps in identifying potential class imbalance and 

guides further processing. The input features and 

target labels are separated, and the dataset is split 

into training and testing sets, with 80% used for 

training and 20% for evaluation, ensuring that the 

model is tested on unseen data. 

CatBoost is chosen as the primary model due to its 

high performance in handling complex datasets and 

its ability to process categorical and numerical 

features effectively. The model is trained on the 

prepared dataset, learning the underlying patterns 

that differentiate normal cases from stroke cases. 

CatBoost uses gradient boosting with decision trees 

and applies advanced techniques such as ordered 

boosting and categorical feature support, which 

contribute to faster convergence and improved 

accuracy. During training, the model iteratively 

updates its parameters to minimize prediction error. 

Performance is evaluated using accuracy scores and 

confusion matrix visualizations, which highlight 

correct and incorrect classifications. CatBoost 

achieves the highest accuracy compared to other 

models, making it a reliable choice for stroke 

prediction. 

The trained CatBoost model is integrated into an 

interactive system that allows users to upload new 

test data for real-time prediction. Once the test data 

is uploaded, the model classifies each record as 

normal or stroke and displays the results 

immediately. Confusion matrices and accuracy 

metrics are presented to help users understand 

model performance. Additionally, the system 

provides a comparison module, where users can 

review results from other models such as Random 

Forest, Logistic Regression, SVM, KNN, Naïve 

Bayes, and XGBoost, highlighting CatBoost’s 

superior performance. This approach ensures a 

practical and accurate platform for early stroke 

detection, supporting faster medical decision-

making and improving patient care outcomes. 

 

 

 

 

Figure [1]: System Architecture of stroke 

prediction 

 

 

Figure [1] This diagram illustrates the workflow of 

the stroke prediction system. It starts with the user 

interacting through the interface, where they can 

upload a healthcare dataset, view visual graphs, and 

perform predictions on test data. Once the dataset is 

uploaded, it is processed in the data preprocessing 

stage, which includes cleaning, transformation, and 

splitting the data into 80% training and 20% 

testing. In the model training phase, multiple 

machine learning algorithms such as Random 

Forest, Logistic Regression, SVM, KNN, Naïve 

Bayes, XGBoost, and CatBoost are applied to train 

the model and evaluate their performance. Each 

model generates accuracy results along with a 

confusion matrix, where predicted values are 

compared against actual values to measure 

correctness. After training, the system evaluates 

and compares all models using performance 

metrics, helping to identify the most accurate 

algorithm. Finally, in the prediction stage, users can 

upload new test data, and the system classifies it as 

either normal or stroke, providing the result directly 

through the interface. 

 

   V.RESULT AND DISCUSSION 

 

The experimental results demonstrate that the 

stroke prediction system performs effectively in 

classifying healthcare data into normal and stroke 

categories. Multiple machine learning algorithms 

were trained and tested using the dataset after 

preprocessing, and each model produced different 

levels of accuracy. Among them, Random Forest 

and CatBoost achieved the highest accuracy of 

around 95%, showing strong performance in 

identifying stroke-related patterns. Other models 
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such as KNN and XGBoost also provided good 

results, while Logistic Regression and Naïve Bayes 

showed comparatively lower accuracy. 

 

The evaluation process, including confusion matrix 

analysis and performance comparison graphs, 

indicates that most models correctly classified the 

majority of the data, with only a small number of 

incorrect predictions. The confusion matrices 

clearly show that correct predictions are higher 

than misclassifications, which reflects the 

reliability of the trained models. These results 

confirm that the system can effectively learn from 

the dataset and make accurate predictions. 

 

The comparison graph further helps in 

understanding the strengths of each algorithm 

based on different evaluation parameters, making it 

easier to identify the best-performing model. In the 

final stage, when test data is uploaded, the system 

successfully predicts whether the input corresponds 

to a normal condition or a stroke case. This shows 

that the system works well in a practical scenario 

and can provide quick and accurate predictions. 

Overall, the results indicate that the developed 

system is capable of supporting early stroke 

detection using machine learning techniques. 

 

 
 

Figure [2]: Stroke  Detection System Home Page 

 

Figure [2] This image displays the graphical user 

interface (GUI) page, which includes a title, a text 

box for input, and several buttons for performing 

different actions. 

 

 
Figure [3]: Dataset Upload, Normalization, and 

SMOTE Balancing Interface 

Figure [3] This image illustrates the dataset upload 

process, where features are normalized and the data 

is split into 80% for training and 20% for testing. It 

also shows the use of SMOTE to balance the 

dataset. 

Algorithm 

Name 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Random 

Forest 
95.064 95.072 95.065 95.064 

XGBoost 89.820 89.861 89.822 89.817 

CatBoost 95.784 95.818 95.781 95.783 

 

 

Table  [1] : Performance Evaluation of Storke 

prediction  

  

Table [1] Comparison of machine learning 

algorithms for stroke prediction based on accuracy, 

precision, recall, and F1-score. CatBoost achieves 

the highest accuracy at 95.784%, with strong 

values across all other metrics, indicating reliable 

predictions. Random Forest also performs well 

with an accuracy of 95.064% and balanced metrics, 

while XGBoost shows lower performance at 

89.820%, suggesting it may be less consistent in 

classification. Overall, CatBoost demonstrates the 

best performance among the three models for this 

dataset. 

 

 
 

Figure [4]: Random Forest Performance and 

Confusion Matrix Display 

Figure [4] This image presents the performance of 

the Random Forest algorithm, achieving an 

accuracy of 95.064%. It includes a confusion 

matrix that represents correct and incorrect 

predictions for stroke classification. 
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Figure [5]: XGBoost Performance and 

Confusion Matrix Display 

Figure [5] This image shows the results of the 

XGBoost algorithm with an accuracy of 89.820%, 

along with its confusion matrix indicating true and 

false predictions. 

 
 

Figure [6]: CatBoost Performance and 

Confusion Matrix Display 

 

Figure [6] This image displays the CatBoost 

algorithm results, reaching an accuracy of 

95.784%, along with the confusion matrix showing 

prediction outcomes. 

 
 

Figure [7]: Comparative Analysis of Algorithms 

 

Figure [7] This image provides a comparison of 

different algorithms based on evaluation metrics 

such as accuracy, precision, recall, and F1-score. 

 

DISCUSSION 

 

The results observed from the system explain how 

effectively the models work in predicting stroke 

from healthcare data. Different algorithms were 

applied, and their outputs show that the system is 

able to classify the data into normal and stroke 

categories with good accuracy. Models like 

Random Forest and CatBoost provide higher 

accuracy, while others such as Logistic Regression 

and Naïve Bayes give moderate results. From the 

outputs, it is clear that most of the stroke cases are 

correctly identified, and normal cases are also 

classified properly, which indicates that the models 

are learning useful patterns from the data. 

 

The highlight  of the importance of data 

preprocessing. When the dataset is cleaned, 

transformed, and properly split into training and 

testing sets, the performance of the models 

improves. The visualization graphs help in 

understanding the distribution of normal and stroke 

data, which supports better analysis. The confusion 

matrix further gives a clear picture of correct and 

incorrect predictions, showing that errors are 

minimal compared to correct classifications. 

 

Another important aspect is the comparison of 

multiple algorithms. By analyzing the performance 

graph, it becomes easy to identify which model 

performs better based on different parameters. This 

helps in selecting the most suitable model for 

prediction. The system also allows users to upload 

new test data and get instant results, which makes it 

useful in real-time scenarios. Overall, the system 

performs efficiently in predicting stroke and 

provides a simple way to analyze and compare 

different machine learning models. 

 

VI. CONCLUSION 

 

This project successfully developed a stroke 

prediction system using various machine learning 

techniques. Different algorithms such as Random 

Forest, Logistic Regression, SVM, KNN, Naïve 

Bayes, XGBoost, and CatBoost were implemented 

and tested on the healthcare dataset. The results 

show that models like Random Forest and 

CatBoost achieved higher accuracy, proving their 

effectiveness in identifying stroke-related patterns. 

Proper data preprocessing, including cleaning and 

splitting the dataset, played a key role in improving 

the performance of the models. 

 

The system not only predicts whether a patient 

condition is normal or stroke but also provides 

clear evaluation through confusion matrices and 

comparison graphs. These evaluation methods help 

in understanding how well each model performs 

and in selecting the most suitable one. The results 

confirm that the models can produce reliable 

predictions when trained with properly prepared 

data. 
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The integration of this system into a user interface 

makes it simple and easy to use. Users can upload 

datasets, train models, compare their performance, 

and test new data for prediction. The system 

provides quick results, making it useful for 

practical applications. Overall, the project offers an 

efficient solution for early stroke prediction and 

demonstrates how machine learning can be applied 

effectively in the healthcare domain. 

. 
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