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Abstract— Stroke is one of the leading causes of
death and long-term disability worldwide,
making early risk identification essential for
timely medical intervention and improved
patient outcomes. This study presents an Al-
Driven Explainable Stroke Risk Evaluation with
Intelligent Decision Support for Early
Prevention, which combines machine learning
with explainable artificial intelligence to support
reliable clinical decision-making. The proposed
system uses patient health information, including
demographic details and medical risk factors, to
predict the likelihood of stroke. Before model
development, the dataset undergoes
preprocessing steps such as data cleaning, feature
selection, class balancing using SMOTE, and
normalization to improve data quality and model
performance. Multiple machine learning
algorithms are trained and evaluated using
standard performance metrics to identify the
most effective prediction model. Explainable AI
techniques are incorporated to highlight the
factors influencing each prediction, enabling
healthcare professionals to understand and trust
the model's decisions. A user-friendly web
application is also developed to provide real-time
stroke risk assessment and decision support. The
proposed framework offers an accurate,
interpretable, and practical solution for early
stroke prevention, assisting clinicians in
identifying high-risk individuals and supporting
timely healthcare interventions.

Keywords— Stroke Risk Prediction, Explainable
Artificial Intelligence (XAI), Machine Learning,
Clinical Decision Support, Early Stroke
Prevention, Predictive Analytics, Healthcare
Intelligence, SMOTE, Feature Selection, Web
Application.
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I. INTRODUCTION

Stroke is one of the most serious neurological
disorders and remains a major cause of death and
long-term disability across the world. It affects
millions of people every year and often leads to
permanent physical, cognitive, and emotional
complications if medical treatment is delayed [1].
The growing number of stroke cases has increased
the burden on healthcare systems, making early
detection and prevention a significant public health
priority. Researchers have reported that timely
diagnosis and rapid medical intervention can greatly
reduce complications and improve patient recovery
[3]. Because stroke can affect people of different
ages and health conditions, there is an increasing
need for intelligent healthcare systems that can
identify individuals who are at high risk before
severe symptoms develop [2].

Stroke generally occurs when the blood supply to the
brain is interrupted, either because of a blocked
artery or bleeding inside the brain. The two major
types, ischemic stroke and hemorrhagic stroke,
require immediate diagnosis since delayed treatment
may result in permanent brain damage [4]. Several
medical conditions and lifestyle factors, including
hypertension, diabetes, obesity, smoking, high
cholesterol, increasing age, and cardiovascular
diseases, significantly increase the likelihood of
stroke [5]. Since these risk factors often occur
together, accurately assessing an individual's stroke
risk through conventional clinical methods becomes
difficult. Therefore, analysing multiple patient
characteristics simultaneously is essential for
improving prediction accuracy and supporting
preventive healthcare decisions [7].

Recent advances in artificial intelligence and
machine learning have transformed healthcare by
enabling the development of predictive models that
analyse large medical datasets efficiently. These
techniques can identify hidden relationships among
clinical variables and estimate stroke risk more
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accurately than many traditional statistical methods
[11]. Machine learning models also assist healthcare
professionals by providing fast and reliable
predictions that support early diagnosis and
treatment planning. Several recent studies have
demonstrated that Al-based systems can improve
stroke prediction, patient outcome analysis, and
clinical decision-making when trained using well-
prepared healthcare datasets [15]. As a result,
predictive analytics has become an important
component of modern healthcare for reducing
stroke-related complications and improving patient
management [16].

Although machine learning models often achieve
excellent prediction accuracy, many advanced
algorithms provide little explanation about how their
decisions are made. In medical applications, this
lack of transparency reduces clinicians' confidence
when using Al-assisted systems for diagnosis.
Explainable Artificial Intelligence (XAI) addresses
this limitation by identifying the factors that
contribute most to each prediction and presenting
them in an understandable manner [18]. This
improves trust in predictive models and enables
healthcare professionals to validate the reasoning
behind each decision before recommending
preventive or therapeutic measures. Explainable
models therefore combine predictive performance
with interpretability, making them more suitable for
real-world clinical practice [20].

The proposed Al-Driven Explainable Stroke Risk
Evaluation with Intelligent Decision Support for
Early Prevention framework is designed to provide
an accurate and interpretable solution for stroke risk
assessment. Patient health records are first
preprocessed through data cleaning, feature
selection, normalization, and class balancing before
model development. Multiple machine learning
algorithms are then trained and evaluated using
standard performance measures to identify the most
effective prediction model [19]. Explainable Al
techniques are integrated into the framework to
provide meaningful explanations for every
prediction, allowing clinicians to understand the
influence of different risk factors on stroke
probability. A web-based decision support
application further enables healthcare professionals
to perform real-time stroke risk evaluation and
supports early intervention for improved patient care
[17].

II. RELATED WORK
Katan and Luft, (2018) [3] discussed the
worldwide impact of stroke and emphasized its

position as one of the leading causes of death and
long-term disability. Their study explained how
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stroke affects millions of people every year and
places a significant burden on healthcare systems
across different countries. The authors highlighted
the importance of identifying risk factors and
providing timely medical intervention to reduce
severe complications. They also described the
growing need for effective prevention strategies and
improved diagnostic methods to minimize the
number of stroke-related deaths. The study
emphasized that awareness, early detection, and
proper clinical management play an essential role in
improving patient recovery. This work provides
valuable background information for researchers
developing intelligent healthcare systems and
supports the use of machine learning techniques for
early stroke risk prediction and preventive clinical
decision-making.

Murray et al., (2020) [11] reviewed the application
of artificial intelligence in diagnosing ischemic
stroke and detecting large vessel occlusions. Their
research examined various Al-based techniques
designed to assist healthcare professionals in making
faster and more accurate diagnoses. The authors
found that machine learning models can analyse
medical imaging data efficiently and improve the
identification of stroke-related abnormalities. They
also highlighted that AI systems can reduce
diagnosis time, which is extremely important
because rapid treatment significantly improves
patient outcomes. The review discussed both the
advantages and current limitations of Al
applications in stroke care. Their findings
demonstrate that intelligent algorithms have strong
potential to support clinicians during emergency
diagnosis and treatment planning. This work serves
as an important reference for integrating Al into
modern healthcare systems for reliable stroke
prediction and clinical decision support.

Sirsat et al., (2020) [16] presented a comprehensive
review of machine learning techniques used for
stroke prediction and diagnosis. The authors
analysed different classification algorithms and
discussed their strengths, limitations, and suitability
for healthcare applications. They explained that
machine learning models are capable of identifying
hidden relationships among patient risk factors,
enabling more accurate prediction of stroke
occurrence. The review also highlighted the
importance of high-quality datasets, feature
engineering, and proper preprocessing for achieving
reliable results. Various studies included in the
review demonstrated that machine learning methods
consistently outperform many traditional prediction
approaches. The authors concluded that intelligent
predictive models can support clinicians by
providing early risk assessments and improving
medical decision-making. Their research establishes
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a strong foundation for future Al-driven stroke
prediction systems.

Islam et al., (2022) [18] proposed an Explainable
Artificial Intelligence model for stroke prediction
using electroencephalogram (EEG) signals. Their
study combined machine learning  with
explainability techniques to improve both prediction
accuracy and model transparency. Instead of
producing only prediction results, the proposed
system explained how different input features
influenced each decision. This approach allows
healthcare professionals to better understand the
reasoning behind the model's predictions and
increases confidence in Al-assisted diagnosis. The
authors demonstrated that explainable Al can
improve clinical decision-making by providing
meaningful interpretations alongside accurate
predictions. Their findings suggest that combining
predictive intelligence with interpretability creates
more trustworthy healthcare systems. This research
highlights the importance of explainable machine
learning in developing reliable medical diagnosis
and decision support applications.

Dritsas and Trigka, (2022) [19] developed a
machine learning framework for predicting stroke
risk using patient health records. Their study
compared several classification algorithms to
determine which model achieved the highest
prediction accuracy. The authors applied data
preprocessing  techniques, including feature
selection and class balancing, to improve model
performance before training. Standard evaluation
metrics such as accuracy, precision, recall, and F1-
score were used to assess the effectiveness of each
algorithm. The experimental results demonstrated
that ensemble learning methods achieved superior
performance compared to conventional classifiers.
The study also emphasized that machine learning
can assist healthcare professionals by identifying
individuals at high risk before stroke occurs. This
work provides valuable guidance for developing
intelligent stroke prediction systems that support
early diagnosis, preventive care, and improved
clinical decision-making.

III. DATASET DETAILS

The dataset used in this project contains medical
information collected from individuals to predict the
likelihood of stroke using machine learning
techniques. It includes several health-related
attributes such as age, gender, hypertension, heart
disease, marital status, work type, residence type,
average glucose level, body mass index (BMI),
smoking status, and the corresponding stroke
outcome. These features represent important
demographic, lifestyle, and clinical factors that
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influence stroke risk. The dataset is organized in a
tabular format, where each row represents a patient
record and each column corresponds to a specific
attribute. Before model development, the dataset is
carefully examined to identify missing values,
inconsistent entries, and duplicate records.
Understanding these medical features is essential
because each factor contributes differently to stroke
prediction. This dataset provides the foundation for
training machine learning models capable of
identifying individuals who may be at a higher risk
of experiencing a stroke.

To improve the quality of the data, several
preprocessing techniques are applied before training
the prediction models. Missing values, particularly
in BMI and other health attributes, are handled using
suitable imputation methods to ensure data
completeness. Categorical variables such as gender,
work type, residence type, and smoking status are
converted into numerical values using label
encoding or one-hot encoding techniques.
Continuous features are normalized to maintain a
consistent value range and improve model
performance. Since the dataset is imbalanced,
SMOTE (Synthetic Minority  Oversampling
Technique) is applied to balance the stroke and non-
stroke classes. Finally, the dataset is randomly
shuffled and divided into 70% training data and 30%
testing data. Proper preprocessing ensures accurate
learning, improves model generalization, and
supports reliable stroke risk prediction.

IV. PROPOSED METHODOLOGY

The proposed AI-Driven Explainable Stroke Risk
Evaluation with Intelligent Decision Support for
Early Prevention framework follows a systematic
approach to predict stroke risk using machine
learning techniques. Initially, the stroke dataset
containing demographic information, lifestyle
factors, and clinical attributes is collected and
examined. Data preprocessing is then performed to
improve the quality of the dataset by handling
missing values, removing inconsistencies, and
converting categorical variables into numerical
values using label encoding. The input features are
normalized to maintain a consistent value range, and
SMOTE (Synthetic Minority Oversampling
Technique) is applied to balance the stroke and non-
stroke classes, reducing prediction bias. Feature
selection using the Chi-Square (CHI?) method
identifies the most relevant attributes that contribute
to stroke prediction. Finally, the processed dataset is
divided into training and testing sets, enabling the
models to learn meaningful patterns while ensuring
reliable evaluation on unseen patient data.
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Once the data preparation stage is completed,
several machine learning algorithms, including
Random Forest, XGBoost, and CatBoost, are
trained and tested using the prepared dataset. Their
performance is evaluated using standard metrics
such as accuracy, precision, recall, F1-score, and
the confusion matrix. Explainable Artificial
Intelligence (XAI) techniques are incorporated to
identify the important features influencing each
prediction, making the results more understandable
for  healthcare  professionals.  Performance
comparison graphs are generated to analyse the
effectiveness of all models, and the best-performing
algorithm is selected for deployment. Finally, a web-
based application accepts patient health information
as input and predicts the individual's stroke risk,
providing intelligent decision support that assists
clinicians in early diagnosis, preventive planning,
and timely medical intervention.
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Figure [1]: AI-Driven Stroke Risk Evaluation
System

Figure [1] illustrates the workflow of the proposed
stroke risk evaluation system. Patient health data is
preprocessed through data cleaning, encoding,
normalization, SMOTE balancing, and feature
selection before being divided into training and
testing datasets. Machine learning models such as
Random Forest, XGBoost, and CatBoost are trained
and evaluated using performance metrics. The best-
performing model, supported by Explainable Al,
predicts stroke risk and provides decision support
for early prevention.

V. RESULT AND DISCUSSION

The experimental evaluation confirms that the
proposed Al-driven framework can accurately
predict stroke risk using patient health information.
After completing preprocessing tasks such as
handling missing values, encoding categorical
attributes, feature normalization, SMOTE-based
class balancing, and feature selection, the processed
dataset was divided into training and testing subsets
for model development. Several machine learning

Vol. 22, No.3, 2026

algorithms, including Random Forest, XGBoost,
and CatBoost, were trained and compared using
evaluation measures such as accuracy, precision,
recall, Fl-score, ROC-AUC, and confusion
matrices. The proposed model achieved the best
overall performance by correctly classifying the
majority of patient records while maintaining
balanced prediction across both stroke and non-
stroke classes. The confusion matrix indicated very
few incorrect classifications, demonstrating the
reliability of the selected model. Performance
comparison graphs further verified the effectiveness
of the proposed approach over the other evaluated
algorithms. In addition, Explainable Artificial
Intelligence (XAI) techniques identified the most
influential medical factors contributing to each
prediction, making the results easier to interpret. The
developed web application successfully generated
real-time stroke risk predictions, providing practical
support for early diagnosis and preventive
healthcare.
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Figure [2]: Random Forest Model Performance

Figure [2] presents the performance of the Random
Forest algorithm for stroke risk prediction. It
displays the model's evaluation metrics, including
accuracy, precision, recall, and F1-score, along with
the confusion matrix. The confusion matrix
compares the actual and predicted stroke classes,
illustrating the model's classification performance
and its ability to accurately distinguish between
stroke and non-stroke cases.
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Figure [3] presents the performance of the Extension
CatBoost algorithm for stroke risk prediction. It
displays the evaluation metrics, including accuracy,
precision, recall, and Fl-score, together with the
confusion matrix. The confusion matrix compares
the actual and predicted stroke classes,
demonstrating the model's strong classification
capability and its effectiveness in accurately
identifying stroke and non-stroke cases.

Test Data = [12189 'Female’ 81 18 'Yes' "Private’ 'Rural’ 88.43 28.7 "never smoked'] Predicted As ===) Stroke
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Figure [4]: Stroke Risk Prediction Results

Figure [4] shows the prediction results generated by
the trained stroke prediction model using unseen
patient records. After preprocessing the input data,
the system classifies each record as either Stroke or
Normal based on the patient's medical attributes.
The displayed predictions demonstrate the model's
ability to provide accurate stroke risk assessment
and support healthcare professionals in making
timely decisions for early prevention and
intervention.

DISCUSSION

The findings of this study demonstrate that
integrating machine learning with explainable
artificial intelligence provides an effective solution
for early stroke risk assessment. The quality of the
prediction model was greatly influenced by proper
data preprocessing, including missing value
treatment, normalization, feature selection, and
SMOTE-based balancing of the dataset. These steps
enabled the algorithms to learn meaningful patterns
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while reducing bias caused by imbalanced data.
Comparing multiple machine learning models made
it possible to identify the algorithm that produced the
highest predictive performance and the most
consistent classification results. The inclusion of
Explainable Al added an important level of
transparency by highlighting the patient attributes
that influenced each prediction, allowing healthcare
professionals to better understand and validate the
model's recommendations. Visual tools such as
confusion matrices, feature importance analysis, and
performance comparison graphs provided additional
insight into the behaviour of the prediction models.
Overall, the proposed framework offers an accurate,
reliable, and interpretable approach for stroke risk
evaluation, supporting timely medical intervention
and assisting clinicians in making informed
decisions for preventive patient care.

VI. CONCLUSION

The proposed Al-Driven Explainable Stroke Risk
Evaluation with Intelligent Decision Support for
Early Prevention demonstrates the potential of
combining machine learning and Explainable
Artificial Intelligence (XAI) to support early stroke
diagnosis. The system accurately predicts stroke risk
by analysing patient demographic and clinical
information while providing clear explanations for
each prediction. Unlike conventional machine
learning models that only generate classification
results, the proposed framework identifies the key
factors influencing the prediction, allowing
healthcare professionals to understand the reasoning
behind the model's decisions. This transparency
increases confidence in the system and supports
informed clinical decision-making. The developed
web application further enhances usability by
enabling healthcare providers to perform real-time
stroke risk assessments through a simple and
interactive interface. Experimental results show that
the selected machine learning model achieves high
prediction performance and effectively
distinguishes between stroke and non-stroke cases.
The integration of explainable Al makes the
framework more suitable for practical healthcare
environments where interpretability is essential. In
the future, the system can be improved by
incorporating larger clinical datasets, real-time
patient monitoring, and advanced deep learning
techniques to further enhance prediction accuracy
and support more personalized preventive
healthcare.
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