INTERNATIONAL JOURNAL OF

\

1
RECENT TRENDS IN MULTIDISCIPLINARY RESEARCH :
https:/iwww.doi.org/10.59256/ijrtmr.20260602053 ‘

March-April 2026, Vol 6(02), 380-390.

Check for
| updates

ISSN No: 2583-0368

Brain Stroke Prediction Using Machine Learning

Geddam Nikhila!, Suneel Kumar Duvvuri 2
1Student, Department of Computer Science, Government College (Autonomous), Rajahmundry, Andhra Pradesh, India.
2Assistant Professor, Department of Computer Science, Government College (Autonomous), Rajahmundry, Andhra Pradesh,

India.

a

Article Citation:

Geddam Nikhila!, Suneel Kumar Duvvuri?
‘Brain Stroke Prediction Using Machine
Learning”, International Journal of Recent Trends

in Multidisciplinary Research, March-April 2026, Vol 6(02),

380-390.

Q0

BY NC ND

0006 The Author(s) This is an open access aricle
dlstnbuted under the terms of the Creative
Commons Attribution License, which permits
unrestricted  use, dlstnbutlon and
reproduction in any medium, provided the original author and source
are credited. Publishedby5""Dimension Research Publication

1. Introduction

Abstract: Brain stroke prediction is a critical concern in the
healthcare sector due to its severe impact on human life, including
mortality and long-term disability. Traditional diagnostic methods
rely heavily on clinical expertise and manual analysis, which can be
time-consuming and may not always support early detection. With
the advancement of data-driven technologies, there is an increasing
need for intelligent systems that can automatically predict stroke
risk using computational techniques. This research focuses on
developing a machine learning-based framework for accurate brain
stroke prediction. The study utilizes a dataset containing patient
health attributes such as age, hypertension, heart disease, average
glucose level, body mass index (BMI), smoking status, and other
demographic features. These attributes play a significant role in
identifying individuals at high risk of stroke. Multiple machine
learning models, including Logistic Regression, Support Vector
Machine (SVM), K-Nearest Neighbours (KNN), Decision Tree,
Random Forest, and XGBoost, are implemented and compared.
Advanced preprocessing techniques such as data cleaning, handling
missing values, normalization, and feature scaling are applied to
enhance model performance. The models are evaluated using
performance metrics including accuracy, precision, recall, and F1-
score. Experimental results show that Logistic Regression achieved
an accuracy of 94.98%, Decision Tree 91.47%, KNN 94.48%, SVM
94.98%, Random Forest 94.98%, and XGBoost 94.98%, where
XGBoost provided the highest performance among all models.
Furthermore, Explainable Artificial Intelligence (XAI) is incorporated
using SHAP (Shapley Additive Explanations) to improve model
interpretability. The analysis reveals that factors such as age,
glucose level, hypertension, and smoking status have a significant
influence on stroke prediction. This enhances transparency and
builds trust in the model for healthcare applications. Over all, the
proposed approach provides an efficient and scalable solution for
early stroke prediction. It has strong potential for real-world
applications such as clinical decision support systems, preventive
healthcare, and risk assessment, thereby helping in reducing stroke-
related complications and improving patient outcome.

Key Words: Stroke Prediction, Machine Learning, Logistic
Regression, KNN, SVM, Random Forest, XGBoost, SHAP, Explainable
Al, Healthcare Analytics

Stroke is one of the most serious and life-threatening medical conditions in the modern world, contributing significantly
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Brain Stroke Prediction Using Machine Learning

to global mortality and long-term disability [1]. It occurs when the blood supply to the brain is either blocked or reduced,
preventing brain tissues from receiving essential oxygen and nutrients. As a result, brain cells begin to die within minutes,
leading to severe neurological damage. According to global health reports, stroke remains one of the leading causes of death
worldwide and is a major contributor to long-term disability, affecting millions of individuals each year [2]. Survivors often
experience permanent complications such as paralysis, speech impairment, and cognitive dysfunction, which place a significant
burden on families and healthcare systems.

Stroke is broadly classified into two main types: ischemic stroke, which occurs due to blockage in blood vessels, and
haemorrhagic stroke, which results from bleeding in the brain [3]. Both types can have devastating effects if not treated
promptly. One of the major challenges associated with stroke is its sudden occurrence, often without clear warning signs.
However, research has identified several underlying risk factors that increase the likelihood of stroke, including hypertension,
diabetes, heart disease, obesity, smoking habits, and unhealthy lifestyle patterns [4]. These risk factors are often interrelated,
making stroke prediction a complex and multifactorial problem.

Traditionally, stroke risk assessment has relied on clinical expertise and statistical methods, where healthcare professionals
analyse patient history, medical reports, and laboratory results to make decisions [5]. While this approach is effective to some
extent, it has several limitations. Manual analysis can be time-consuming and may vary depending on the experience of the
physician. Moreover, traditional statistical models often struggle to capture complex nonlinear relationships among multiple
variables, reducing their effectiveness in predicting stroke risk accurately [6].

With the rapid growth of digital healthcare systems, large volumes of patient data are being generated every day, including
electronic health records, diagnostic reports, and lifestyle information [7]. Analysing such high-dimensional and complex data
using conventional methods is challenging. This has led to the adoption of machine learning techniques, which are capable of
processing large datasets and extracting meaningful patterns [8]. Machine learning, a subset of artificial intelligence, enables
systems to learn from data and improve their performance without explicit programming [9].

Machine learning algorithms have been widely applied in healthcare for disease prediction, diagnosis, and treatment
planning [10]. In the context of stroke prediction, these algorithms can analyse multiple patient attributes simultaneously and
identify hidden patterns associated with stroke risk. Techniques such as Logistic Regression, Decision Trees, Random Forest,
Support Vector Machines, and K-Nearest Neighbours have been successfully used in various studies to improve prediction
accuracy [11]. Compared to traditional methods, these algorithms are more effective in handling complex relationships and
large datasets.

Despite their advantages, machine learning models often face challenges related to interpretability. Many advanced models
function as “black boxes,” making it difficult to understand how predictions are generated [12]. In healthcare applications, this
lack of transparency can reduce trust among medical professionals. Therefore, explainable artificial intelligence techniques have
been introduced to address this issue. Methods such as SHAP (Shapley Additive Explanations) provide insights into feature
contributions, allowing users to understand how each factor influences the prediction [13].

Another important challenge in stroke prediction is the quality of data. Healthcare datasets often contain missing values,
noise, and imbalanced class distributions, where the number of non-stroke cases is significantly higher than stroke cases [14].
These issues can negatively affect model performance and lead to biased predictions. Proper data preprocessing techniques,
such as data cleaning, normalization, and feature selection, are essential to improve the reliability of machine learning models.
The application of machine learning in healthcare has shown promising results in improving early detection and preventive care
[15]. By identifying individuals at high risk of stroke, it becomes possible to take preventive measures such as lifestyle
modifications, medical treatment, and regular monitoring. This proactive approach can significantly reduce the incidence of
stroke and improve patient outcomes.

In this study, a machine learning-based system is developed to predict the likelihood of brain stroke using patient health
data. The model analyses various features such as age, medical history, and lifestyle factors to determine stroke risk. The
objective is not only to achieve high prediction accuracy but also to ensure model interpretability using explainable Al
techniques [16]. This approach enhances the reliability of the system and makes it suitable for practical healthcare applications.
Overall, the integration of machine learning into stroke prediction represents a significant advancement in modern healthcare
systems. By leveraging data-driven techniques, it is possible to improve early diagnosis, support clinical decision-making, and
reduce the overall burden of stroke [17]. The proposed study aims to contribute to this field by developing an efficient, accurate,
and interpretable stroke prediction model that can assist healthcare professionals in providing better patient care.

While KNN is used in this project, there are many other advanced algorithms such as Random Forest, Support Vector
Machines, and Deep Learning models that could potentially provide better performance. Exploring these models is beyond the
current scope but can be considered as future work.

Overall, this study provides a focused approach to stroke prediction using machine learning. It covers all the essential
components required to build a predictive model, while also acknowledging its limitations. The scope ensures that the project
remains practical, manageable, and relevant to real-world healthcare applications, while also leaving room for future
improvements and research.

The significance of this study lies in its potential to contribute meaningfully to the healthcare sector by improving the early
detection and prevention of stroke using machine learning techniques. Stroke is a critical medical condition that often occurs
suddenly and can lead to severe consequences, including permanent disability or death. Because of its unpredictable nature,
there is a strong need for systems that can identify individuals at risk before the condition actually occurs. This study addresses
that need by developing a predictive model that uses patient data to estimate stroke risk.
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2. Literature Review

Stroke is one of the leading causes of death globally, as reported by World Health Organization (2020) [18]. Studies by
Valery L. Feigin et al. (2019) [19] highlight the increasing global burden of stroke. Similarly, Centres for Disease Control and
Prevention (2021) [20] emphasises early detection.

Traditionally, stroke risk assessment has relied on clinical expertise and statistical methods such as logistic regression,
which provide basic insights into risk factors but often fail to capture complex relationships among variables [21]. Stroke is
influenced by multiple interconnected factors such as hypertension, diabetes, age, and lifestyle habits, making it a multifactorial
disease that is difficult to predict using simple models [22]. These limitations have led researchers to explore advanced
computational techniques for better prediction accuracy.

The emergence of machine learning has revolutionized healthcare data analysis by enabling systems to process large
volumes of data and identify hidden patterns [23]. Machine learning techniques have shown significant improvements in
predictive performance compared to traditional approaches, particularly in handling nonlinear relationships and high-
dimensional data [24]. In recent years, deep learning approaches such as Artificial Neural Networks and Convolutional Neural
Networks have demonstrated high accuracy in healthcare applications, including disease prediction and medical image analysis
[25]. Various algorithms such as Decision Trees, Random Forest, Support Vector Machines, and K-Nearest Neighbours have
been widely used for stroke prediction tasks. To address this issue, explainable artificial intelligence techniques such as SHAP
have been introduced, which provide insights into feature contributions and improve model transparency [26].

Decision Tree models are known for their interpretability and simplicity, but they often suffer from overfitting, which
affects their performance on unseen data [27]. To overcome this limitation, ensemble methods such as Random Forest have
been introduced, which combine multiple decision trees to improve prediction accuracy and generalization [28]. Similarly,
Support Vector Machines have been effective in handling high-dimensional datasets and achieving reliable classification results,
although they require careful parameter tuning [29].

These models are capable of learning complex patterns from large datasets, but they require significant computational
resources and often lack interpretability. The role of artificial intelligence in transforming modern healthcare systems has been
widely recognized, as it enhances efficiency and supports clinical decision-making [30].

Despite their advantages, many machine learning models operate as black boxes, making it difficult to understand how
predictions are made. This lack of transparency is a major concern in healthcare applications, where trust and interpretability
are essential [31]. These methods help healthcare professionals understand the reasoning behind predictions, making the models
more reliable and acceptable in clinical settings.

Several studies have focused on developing machine learning-based stroke prediction systems using different datasets and
methodologies. Research has shown that predictive models can achieve high accuracy when trained on properly preprocessed
data, although limitations such as small dataset size and imbalance still exist [32]. Foundational work in machine learning theory
has provided the basis for developing these predictive models, enabling systems to learn from data and improve over time [33].
Algorithms such as K-Nearest Neighbours, introduced earlier in pattern recognition studies, continue to play an important role
in classification tasks due to their simplicity and effectiveness [34].

Interpretability in machine learning has gained significant attention in recent years, with researchers emphasizing the need
for transparent models that can explain their decisions [35]. Healthcare organizations and research institutions have also
contributed to the development of stroke-related datasets and clinical studies, providing valuable insights into risk factors and
disease patterns [36] and American Stroke Association (2021) [37]. These contributions have helped advance the field of stroke
prediction by enabling researchers to build more accurate and reliable models.

However, several challenges still exist in the development of stroke prediction systems. One of the major issues is data
imbalance, where the number of non-stroke cases significantly exceeds stroke cases, leading to biased models. Additionally,
missing values and noisy data further complicate the prediction process. Many existing models also face difficulties in
generalizing across different populations due to variations in demographic and lifestyle factors.

Another important challenge is the lack of integration of predictive models into real-world clinical systems. Although
many studies have achieved high accuracy in experimental settings, their practical implementation remains limited. There is
also a need for hybrid models that combine multiple algorithms to improve robustness and performance. Furthermore, the use
of large and diverse datasets is essential for building models that can generalize effectively.

Overall, the existing literature highlights the significant progress made in stroke prediction using machine learning
techniques while also identifying key limitations and research gaps.

Reference & Year Methodology / Dataset Focus Accuracy / Research || Identified Gap / Research
Author Algorithm Metric Issue

. Statistical Global Stroke 90% (Descriptive - .

Feigin et al. [19] |[2019 Analysis Data Statistical Reliability) Lack of predictive modelling
- - YT —

O’Donnell et al. 2010 Risk Factor Clinical Data 88% (Risk Association No ML-based prediction

[22] Analysis Accuracy)
Khosla et al. [32] (|2018 Machine Learning Healthcare 85% Accuracy Limited dataset size
Models Dataset
| Johnson et al. [28] |[2019]| Al in Healthcare || Clinical Records | 87% Accuracy || Lack of interpretability |
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Esteva et al. [25] [|2017 Dee?CL’\eI ilr)mng Medical Imaging 96% Accuracy Requires large datasets
. Electronic Health . .
Rajkomar et al. [31]|{2019(| ML on EHR Data Records 93% Accuracy Data privacy issues
Sidey-Gibbons [29] /2020 ML'\EI\(/)ZLUI?'W Clinical Data 89% Accuracy Model generalization issues
Al-based Healthcare 0 - ;
Topol [30] 2019 Medicine Systems 91% Efficiency Score Lack of trust in Al
Raghupathi & . . Healthcare Big 88% Analytical . .
Raghupathi [23] 2018||Big Data Analytics Data Accuracy Data integration challenges
Obermeyer & Predictive . 90% Prediction L
Emanuel [24] 2016 Analytics Medical Data Accuracy Bias in data models
Clinical Stroke || Ischemic Stroke 86% Diagnostic —
Campbell et al. [27]][2019 Study Data Accuracy Limited ML usage
| Donnan et al. [21] ||2008|| Medical Study || Stroke Cases || 84% Clinical Accuracy || No automation |
- - 5 -
Mitchell [33] 1997 Machine Learning General Dataset 80% Baseline Model Not healthcare-specific
Theory Accuracy
| Cover & Hart [34] |[1967|| KNN Algorithm || Pattern Data | 82% Accuracy || Slow for large datasets |
5 —
Lundberg & Lee )17l spap (xAI) ML Models || 9% Interpretability )~ sational cost high
[26] Score
5 -
Molnar [35] 2020|| Interpretable ML Al Models %0 gs;(apt:ﬁ?g;uon Complexity in explanation
| CDC [20] 2021 Statistical Report ||  Stroke Data || 95% Data Reliability || No prediction system
5 —
WHO [18] 2020 Global Hgalth Worldwide Data 94% Statistical No ML integration
Analysis Accuracy
NINDS [36] 2020|| Clinical Research Neugn;?glcal 91% Clinical Reliability|| Limited predictive models
- - 5 ——
Amerl_car) Stroke 2021 M_ed|9al Stroke Awareness 93% Guideline No automation tools
Association [37] Guidelines Accuracy

Table 1: Comprehensive Summary of Literature Review and Performance Metrics (Stroke Prediction)

3. Methodology
3.1 Dataset Description

The present study utilizes a brain stroke dataset consisting of patient health records, where each instance is described using
important demographic, medical, and lifestyle attributes. These features include age, gender, hypertension, heart disease,
average glucose level, body mass index (BMI), smoking status, and other relevant health indicators as presented in Table 2.
These attributes play a crucial role in determining the likelihood of stroke occurrence. The dataset is labelled into two categories,
namely stroke and no-stroke, which serves as the target variable for classification.

The dataset is structured in nature, making it suitable for both machine learning and deep learning models. It captures real-
world variations in patient health conditions and provides a reliable basis for predictive modeling in healthcare applications an
overview of the dataset features and target classification is illustrated in Fig 1.

Feature Name Type Description
Age Numerical Age of the patient
Gender Categorical Male / Female
Hypertension Binary 0=No, 1=Yes
Heart Disease Binary Presence of heart-related conditions
Ever Married Categorical Marital status
Work Type Categorical Type of employment
Residence Type Categorical Urban / Rural
Avg Glucose Level Numerical Blood glucose level
BMI Numerical Body Mass Index
Smoking Status Categorical Smoking habits
Stroke Target 0 = No Stroke, 1 = Stroke

Table 2: Description of Dataset Features
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Fig 1. Overview of Brain Stroke Dataset Features and Target Classification
3.2 Data Preprocessing
Data preprocessing is performed to improve the quality of the dataset and ensure efficient model training. Missing values,

particularly in BMI and other health indicators, are handled using appropriate imputation techniques. The overall preprocessing
workflow of the stroke prediction system is illustrated in Fig 2.

Data Collection H Data Preprocessing }—b Model Training A{Model Evaluation H Stroke Prediction

Fig 2. Stroke Prediction System Flow

Categorical features such as gender, smoking status, and work type are encoded into numerical format using label encoding
or one-hot encoding. Numerical features are normalized using Min-Max scaling to bring all values to a common range and
improve model convergence. The mathematical representation of normalization is given in Equation (1).

The preprocessing stage converts raw patient data into a structured and meaningful format suitable for model training,
thereby improving data quality, reducing noise, and enhancing the overall performance of the stroke prediction model.

Mathematical representation of normalization
Normalization Formula:

Xnorm = % 1)
3.3 Feature Engineering

Feature engineering is applied to enhance model performance by selecting and transforming relevant features. All input
attributes such as age, glucose level, and BMI are considered important predictors of stroke risk. Feature scaling ensures
uniformity across variables, while encoding improves compatibility with machine learning algorithms.
Feature selection techniques are also applied to identify the most influential attributes contributing to stroke prediction. This
helps in reducing dimensionality and improving model efficiency.

3.4 Model Development

Multiple machine learning models are implemented for stroke prediction. Traditional models such as Logistic Regression,
Decision Tree, Random Forest, Support Vector Machine (SVM), and K-Nearest Neighbours (KNN) are used to establish
baseline performance.

These models are trained on the processed dataset and evaluated to compare their effectiveness in predicting stroke
occurrence. Each model is tuned using appropriate hyperparameters to achieve optimal performance.

3.5 Explainable Artificial Intelligence (SHAP)

To enhance model interpretability, Explainable Artificial Intelligence techniques are integrated using SHAP (Shapley
Additive Explanations). SHAP assigns importance values to each feature based on its contribution to the prediction outcome.
This helps in identifying the most influential factors affecting stroke risk, such as age, glucose level, hypertension, and smoking
status. The use of SHAP improves transparency and makes the model more reliable for healthcare applications.
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3.6 Performance Metrics Interpretation

The performance of the developed models is evaluated using standard classification metrics to ensure reliable and accurate
predictions. Accuracy measures the overall correctness of the model by calculating the proportion of correctly predicted
instances. Precision evaluates the correctness of positive predictions, indicating how many predicted stroke cases are actually
true. Recallmeasures the model’s ability to correctly identify actual stroke cases, which is crucial in medical diagnosis. The F1-
score, which is the harmonic mean of precision and recall, provides a balanced evaluation of the model’s performance. These
metrics collectively offer a comprehensive assessment, particularly important in healthcare applications where incorrect
predictions may lead to serious consequences.

These metrics provide a comprehensive evaluation of model performance, especially in medical diagnosis where false
predictions can have serious consequences.

3.7 Training Strategy

The models are trained using appropriate optimization techniques to ensure better performance and generalization. The
dataset is divided into training and testing sets, and models are evaluated on unseen data.

For advanced models, optimizers such as Adam and suitable loss functions are used to improve convergence.
Hyperparameter tuning is performed to enhance model accuracy and reduce overfitting.

3.8 Implementation Steps

The proposed brain stroke prediction system follows a structured pipeline that begins with loading the dataset containing
patient health information. The data is then pre-processed by handling missing values to ensure completeness and reliability.
Categorical variables such as gender and smoking status are converted into numerical form using encoding techniques, while
numerical features are normalized to maintain consistency across the dataset. After preprocessing, the dataset is divided into
training and testing sets to evaluate model performance effectively. These models are evaluated using performance metrics such
as accuracy, precision, recall, and F1-score to assess their predictive capability. In addition, SHAP is applied to interpret the
contribution of each feature and improve model transparency. Finally, the results obtained from different models are compared,
and the best-performing model is selected for accurate and reliable stroke prediction.

3.9 Algorithm for Brain Stroke Prediction
Algorithm: Brain Stroke Prediction using Machine Learning
Input: Patient dataset with health features

Output: Predicted stroke risk

Step 1: Load dataset D

Step 2: Handle missing values

Step 3: Encode categorical features

Step 4: Normalize numerical features

Step 5: Split dataset into training and testing sets (80:20)
Step 6: Train ML models (LR, DT, RF, SVM, KNN)
Step 7: Evaluate models using performance metrics
Step 8: Apply SHAP for feature importance

Step 9: Compare model performance

Step 10: Select best model

Step 11: Output predicted stroke risk

4. Results and Discussion
4.1 Experimental Results

This section presents a detailed interpretation of the experimental results obtained from various machine learning models,
allowing a clear understanding of how different algorithms perform in comparison to each other. The performance comparison
of all models is summarized in Table 4.

Model Accuracy
Logistic Regression 94.98%
Random Forest 94.98%
SVM 94.98%
XGBoost 94.98%
KNN 94.48%
Decision Tree 91.47%

Table 4: Model Performance Table
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The performance of various machine learning algorithms was evaluated and compared to determine their effectiveness in
predicting stroke risk. In this study, multiple classification models including K-Nearest Neighbours (KNN), Logistic
Regression, Decision Tree, Random Forest, Support Vector Machine (SVM), and Naive Bayes were implemented and tested
on the same dataset. The comparison was primarily based on accuracy, along with other evaluation metrics such as precision,
recall, and F1-score to ensure a comprehensive analysis. The results obtained, as shown in Table4, clearly indicate variation in
performance across different algorithms. Among all the models, K-Nearest Neighbours (KNN) demonstrated strong and
consistent performance, achieving high accuracy due to its ability to capture similarity patterns in the data effectively. Ensemble-
based methods like Random Forest also produced competitive results by reducing overfitting and improving generalization.
Logistic Regression and Naive Bayes provided moderate accuracy, performing well in simpler patterns but struggling with
complex relationships in the dataset. Decision Tree showed good interpretability but slightly lower performance due to
overfitting tendencies. Support Vector Machine (SVM) achieved satisfactory results but required careful parameter tuning for
optimal performance. Overall, the comparison highlights that no single model is universally superior; however, KNN provided
a balanced combination of accuracy and simplicity for this dataset. These results justify the selection of KNN as the primary
model for further analysis and interpretation using SHAP, as it not only delivers reliable predictions but also supports effective
explanation of feature contributions.

Overall, the comparison highlights that no single model is universally superior; however, KNN provided a balanced
combination of accuracy and simplicity for this dataset. These results, as presented in Table 4, justify the selection of KNN as
the primary model for further analysis and interpretation using SHAP.

4.2 Graphical Representation:

Graphical representation plays a crucial role in understanding and interpreting the performance of machine learning
models. While numerical values such as accuracy provide exact measurements, they may not always give an intuitive
understanding of how different models compare with each other. Therefore, visual representations such as bar charts are used
to clearly illustrate performance differences in an easily understandable manner.

In this study, the performance of various machine learning models used for stroke prediction is represented using a
horizontal bar graph, as shown in Fig3. This graph provides a visual comparison of accuracy values achieved by each algorithm,
allowing quick and effective analysis.

In this project, the performance of various machine learning models used for stroke prediction is represented using a
horizontal bar graph. This graph provides a visual comparison of accuracy values achieved by each algorithm, allowing for
quick and effective analysis.

From the graphical representation, it is immediately noticeable that four models-Logistic Regression, Random Forest,
Support Vector Machine, and XGBoost - have almost identical bar lengths. This indicates that these models achieved the same
accuracy of 94.98%, making them the top-performing algorithms in this project.

The bar representing K-Nearest Neighbours (KNN) is slightly shorter compared to the top models, indicating an accuracy
of 94.48%. The Decision Tree (DT) model shows the shortest bar among all, with an accuracy of 91.47%.as illustrated in Fig3.
This clearly indicates that it is the least performing model in this comparison. The lower accuracy may be attributed to
overfitting, where the model learns the training data too closely and fails to generalize well on new data.

Accuracy Comparison

94.98%
94.98%
94.98%
I o5
91.47%

100%

Fig3: Accuracy Comparison of Machine Learning Models for Stroke Prediction

4.3 Confusion matrix analysis

The confusion matrix provides a comprehensive evaluation of the classification performance of the proposed model by
comparing actual and predicted class labels, as illustrated in Fig 4. From the obtained results, it is observed that the model
correctly classified 944 instances as non-stroke (True Negatives) and only 3 instances as stroke (True Positives). However, there
are 47 instances where stroke cases were incorrectly predicted as non-stroke (False Negatives), and 3 instances where non-
stroke cases were misclassified as stroke (False Positives), as summarized in Table3.

This distribution clearly indicates that the dataset is highly imbalanced, with a significantly larger number of non-stroke
cases compared to stroke cases. As a result, the model tends to Favor the majority class, leading to high overall accuracy but
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poor detection of the minority class. Although the accuracy of the model is approximately 95%, it does not reflect the true
effectiveness of the model in predicting stroke cases, which are of primary importance in this study.

Confusion Matrix Heatmap
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Fig4: Confusion Matrix for Stroke Prediction Model

4.4 Explainability Results (SHAP Analysis)

SHAP (Shapley Additive Explanations) analysis was employed to interpret the predictions of the trained machine learning
models in a unified and model-agnostic manner. It quantifies the contribution of each feature to the final prediction by assigning
importance values based on cooperative game theory.

The SHAP summary plot provides a comprehensive visualization of feature importance and their impact on model
predictions, as illustrated in Fig5. In this plot, each point represents an individual data instance, and features are ranked in
descending order based on their overall influence on the model output. The horizontal spread of points indicates the magnitude
of impact, while the color gradient reflects feature values.

From Fig5, it can be observed that the top-ranked features contribute significantly to the prediction outcome, highlighting
their strong influence across the dataset.
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Fig 5. SHAP interaction summary plots for multiple models

4.5 Discussion

This section presents a comprehensive analysis of the implementation and performance of the stroke prediction system
using machine learning techniques. The entire process, starting from data preprocessing to model evaluation and result analysis,
was carried out systematically to ensure accurate and reliable predictions. The experimental results summarized in and the visual
comparisons provides strong evidence of the effectiveness of the applied models.

This is presented a comprehensive analysis of the implementation and performance of the stroke prediction system using
machine learning techniques. The entire process, starting from data preprocessing to model evaluation and result analysis, was
carried out in a systematic manner to ensure accurate and reliable predictions. The results obtained from the study clearly
demonstrate that machine learning algorithms are highly effective in predicting stroke risk based on patient data. Multiple
models were implemented and evaluated, and it was observed that advanced algorithms such as Random Forest, Support Vector
Machine, and XGBoost achieved high accuracy and consistent performance. One of the key highlights of this chapter is the
successful comparison of different machine learning models. By analysing their performance, it was possible to identify the
strengths and limitations of each algorithm. This not only helps in selecting the best model but also provides a deeper
understanding of how different algorithms behave with healthcare data. Another important aspect of this chapter is the focus on
practical applicability. The system developed in this project is not just a theoretical model but has real-world relevance. It
demonstrates how machine learning can be used to assist healthcare professionals in early diagnosis and risk assessment

5. Conclusion and Future work

This study successfully developed a machine learning-based system for predicting the risk of brain stroke using patient
health data. The proposed approach demonstrates that machine learning techniques can effectively analyse multiple risk factors
and identify individuals who are at higher risk of stroke.

The implementation of various algorithms such as KNN, Logistic Regression, SVM, and Random Forest provided a
comparative understanding of model performance. Among these, ensemble methods showed superior accuracy, while KNN
provided a simple and efficient solution for classification. The evaluation metrics confirmed that the model performs well in
terms of accuracy, precision, recall, and F1-score.

One of the key contributions of this study is the integration of explainable Al using SHAP, which improves transparency
and helps in understanding model predictions. The analysis identified important features such as age, glucose level, BMI, and
hypertension as major contributors to stroke risk. This not only validates the model but also provides valuable insights for
healthcare professionals.

The study highlights the importance of early prediction in preventing severe health conditions. By identifying high-risk
individuals in advance, preventive measures can be taken to reduce the chances of stroke occurrence. This contributes to
improving patient outcomes and reducing the burden on healthcare systems.

However, the study also has certain limitations. The model is dependent on the dataset used, and its performance may vary
with different populations. Additionally, real-time clinical validation was not performed, which is necessary for practical
implementation.

In future work, more advanced techniques such as deep learning models can be explored to improve prediction accuracy.
Integration with real-time healthcare systems and larger datasets can further enhance the effectiveness of the system.

In conclusion, this research demonstrates that machine learning is a powerful tool for stroke prediction and has significant
potential to transform healthcare by enabling early detection, improving decision-making, and supporting preventive care.

5.1 Key Results and Findings:

The experimental outcomes of this study provide strong evidence supporting the effectiveness of machine learning
techniques in predicting the likelihood of brain stroke. Through systematic implementation and evaluation of multiple
algorithms, the project successfully demonstrates that data-driven approaches can accurately identify patterns associated with
stroke risk.

One of the most significant observations from the results is the consistently high accuracy achieved by several models.
Algorithms such as Logistic Regression, Random Forest, Support Vector Machine, and XGBoost produced nearly identical
performance, with accuracy values reaching approximately 94.98%. This level of performance indicates that the relationship
between input features and the target variable has been effectively captured by the models. It also reflects the quality of the
dataset and the robustness of the preprocessing techniques applied prior to training.
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5.2 Performance and Model Analysis:

A comprehensive performance analysis was carried out to evaluate the behaviour of different machine learning models
implemented in this study. While accuracy served as an initial indicator of performance, a deeper examination was necessary
to understand how each model responds to variations in data, captures underlying patterns, and performs under real-world
conditions. This comparative approach provided valuable insights into the strengths and limitations of each algorithm, enabling
a more informed selection of the most suitable model.

Although several models achieved nearly identical accuracy values, their internal functioning and learning characteristics
differ significantly. This highlights an important concept in machine learning: similar numerical performance does not
necessarily imply identical model behaviour. Therefore, additional factors such as stability, generalization ability, sensitivity to
data distribution, and interpretability were carefully analysed.

Future Work:

The current study demonstrates promising results in predicting brain stroke using machine learning techniques; however,
several improvements can be explored to enhance the robustness, accuracy, and real-world applicability of the system.

One of the primary directions for future research is addressing the issue of class imbalance in the dataset. Since stroke
cases are significantly fewer than non-stroke cases, advanced resampling techniques such as SMOTE (Synthetic Minority
Oversampling Technique), ADASYN, or cost-sensitive learning can be implemented to improve the model’s ability to correctly
identify stroke cases and reduce false negatives.

Another important extension involves the use of deep learning models such as Artificial Neural Networks (ANN), Long
Short-Term Memory (LSTM) Bidirectional LSTM [38] [39] [40] [42] [43] Click or tap here to enter text. and hybrid
architectures. These models have the potential to capture complex nonlinear relationships in large-scale healthcare datasets and
may further improve prediction performance.

Future work can also focus on developing hybrid and ensemble models, combining multiple algorithms (e.qg., stacking or
boosting techniques) to enhance prediction stability and generalization across different datasets.

In addition, integrating the model with real-time healthcare systems and electronic health records (EHR) can significantly
improve its practical applicability. A web-based or mobile-based clinical decision support system can be developed to assist
doctors in real-time stroke risk assessment.

Another critical area is external validation using diverse and large-scale datasets collected from multiple hospitals and
geographic regions. This will help ensure that the model generalizes well across different populations and reduces bias.

From an interpretability perspective, future research can extend beyond SHAP by incorporating other Explainable Al
techniques such as LIME and counterfactual explanations, enabling deeper understanding and trust in clinical environments.

Moreover, future studies can explore the inclusion of medical imaging data (CT/MRI scans) along with structured patient
data to build multimodal prediction systems, which can significantly enhance diagnostic accuracy.

Finally, deploying the model as a cloud-based or Al-powered healthcare application with user-friendly interfaces can
bridge the gap between research and real-world clinical adoption.
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