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Abstract: Cerebral stroke is a big global health problem that causes a lot of death and long-term disability. This

shows how important it is to find people who are likely to have a stroke early on so that they can be prevented
and treated quickly. The study uses Kaggle's Stroke Prediction Dataset, which has information like gender, age,
high blood pressure, heart disease, glucose level, body mass index (BMI), and smoking status to figure out how
likely someone is to have a stroke. After label encoding, one-hot encoding, and Random Forest Imputation are
used to fix missing BMI values in the data, it is visualized using class distribution charts and correlation matrices.
Normalizing the dataset with MinMax, Standard, and Robust scalers is done, and to fix class imbalance,
oversampling methods like SMOTE, ADASYN, and Random oversampling are used. A number of machine
learning and deep learning models are used to improve performance. These include Logistic Regression, K-
Nearest Neighbors, Decision Tree, Random Forest, Support Vector Machine, Gaussian Naive Bayes, 1D-CNN,
GRU, LSTM, ANN, and BiRNN. To make the predictions even better, ensemble learning methods are looked
into. A Voting classifier that combines XGBoost, Random Forest, and AdaBoost does the best, with 99.4%
accuracy, precision, recall, F1-score, and ROC-AUC. Explainable Al techniques like LIME and SHAP are also
used to figure out how important each trait is, and a web-based interface built on the Flask framework and
integrating SQLite is created to let users make predictions in real time.

“Index Terms - Stroke prediction, Machine learning, Ensemble learning, Deep learning, Explainable Al, Flask
framework, Data preprocessing, Health informatics”.
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1. INTRODUCTION

A stroke, also called a cerebrovascular accident, is one of the most common and deadly neurological conditions
in the world. It happens when the brain's blood flow is cut off, either by ischemia or hemorrhage [1]. Millions of
new cases are reported every year across all age groups, making it the top cause of death and long-term disability
[9]. Survivors often have serious neurological problems, which puts a lot of physical, emotional, and financial
stress on people and healthcare systems. Finding people who are at risk early on is therefore important for
successful prevention, prompt medical intervention, and better recovery outcomes [2]. More recent progress in Al
and data analytics has made it possible to use predictive models in healthcare systems. This could lead to better
early diagnosis and risk stratification [3].

Having access to large public datasets like the Stroke Prediction Dataset from Kaggle [10] and more people using
electronic health records has sped up the use of data-driven methods to figure out who is more likely to have a
stroke based on age, hypertension, heart disease, glucose level, body mass index (BMI), and smoking status [5].
While traditional clinical assessment tools can be useful in some situations, they often lack the ability to be scaled
up, to be automated, and to deal with complex, nonlinear feature interactions. Because of this, machine learning
and deep learning algorithms have become strong ways to find hidden connections between health parameters and
make accurate predictions [4, 6].
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Even though a lot of progress has been made, current prediction systems still have major problems, such as
unequal access for different classes, difficulty in interpreting results, and limited usability by people who aren't
experts. A lot of the tools that are already out there can only be used in labs or institutions, which makes them less
useful in the real world [7]. Also, the fact that many deep learning models are not clear makes it harder for both
doctors and patients to trust and understand them. Recently, explainable artificial intelligence (XAI) techniques
like SHAP and LIME have gotten a lot of attention because they can explain model choices, which makes them
more clear and easier for doctors to accept [6].
The study's goal is to create a framework for assessing stroke risk that is easy to understand, accurate, and available
to everyone. The framework will use improved machine learning and deep learning models. The system uses
ensemble learning and XAl to make accurate predictions and easy-to-understand visualizations through a web-
based platform built with the Flask framework. This helps with evaluating health risks in real time and makes
intelligent healthcare systems better [8].

2. RELATED WORK
In the past few years, advances in artificial intelligence, data analytics, and computer healthcare systems have
brought a lot of attention to finding and predicting strokes. Several research studies have looked at how machine
learning (ML) and deep learning (DL) can help find early signs of stroke, figure out risk factors, and make more
accurate and understandable predictions about how patients will do. Putting together clinical, behavioral, and
demographic data into predictive models has shown that it can change how early detection and preventive
healthcare are done.
Several studies have used standard machine learning methods to predict the outcome of a stroke, showing that
they can make accurate predictions using structured clinical datasets. Raja et al. [11] created a system for
predicting strokes using algorithms like Random Forest (RF), Support Vector Machine (SVM), and Decision Tree
(DT). They pointed out that RF performed better because it can handle complex and nonlinear relationships
between features. In the same way, Shobayo et al. [12] used the Random Forest algorithm on demographic and
behavioral datasets to predict the occurrence of a stroke, focusing on the role of lifestyle factors like smoking, not
being active, and high blood pressure. Their results showed that RF did better than other models in terms of
accuracy and recall, which means it can be used on medical datasets with classes that aren't balanced.
Deep learning-based studies have also shown promise in improving the early identification and classification of
strokes. Researchers Al-Mekhlafi et al. [13] did a study comparing ML and DL models for finding stroke and
bleeding early on. They found that deep neural networks (DNNs) were more accurate and sensitive than regular
ML methods. The study showed that convolutional architectures have the ability to automatically pull out complex
spatial patterns from biomedical images. This could lead to better diagnostic support. Similarly, Tusher et al. [14]
looked into machine learning-based early brain stroke prediction methods and confirmed that ensemble learning
methods could greatly improve diagnosis accuracy by lowering the number of false positives.
For preventive healthcare uses, ML has also been looked at as a way to be added to real-time warning systems.
Malini et al. [15] created a sophisticated system for finding and alerting strokes that uses machine learning
techniques to look at physiological factors and send out early warnings. Their system used loT-enabled devices
to keep an eye on patients all the time, which made early action more likely. These kinds of systems fill the void
between old-fashioned medical exams and smart digital health tracking.
In the field of neurorchabilitation, Kim et al. [16] looked into the microstructure of the corticospinal tract as a
biomarker for predicting muscle recovery after a long-term stroke. By using scanning data along with machine
learning models, they showed that certain measures of white matter integrity could accurately predict how well
stroke patients would recover from their injuries. This method stresses the growing importance of machine
learning not only in diagnosis but also in predicting how well therapy will go, which helps doctors make more
personalized recovery plans.
Also, Kashi et al. [17] suggested a machine learning model that could find compensatory movements that stroke
patients make while they are doing rehabilitation tasks. Using motion capture data, their system automatically
found movement deviations. This made automated feedback easier and reduced the need for human control. This
new idea shows how machine learning can improve therapy and patient tracking by making things more automated
and accurate.
Predicting how well a treatment will work is another area where deep learning is used. Bacchi et al. [18] used
deep neural networks to guess how thrombolysis would affect the functional results of people who had an ischemic
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stroke. The results showed that DL models, especially convolutional neural networks (CNNss), were better at using
medical image data to predict how patients would do after treatment than traditional statistical models. This
showed that DL could help people make decisions about how to treat an acute stroke by judging how well a
treatment will work before it is given.
Sirsat et al. [19] did a thorough study of many machine learning methods for predicting and finding brain strokes.
They compiled the latest developments in feature selection, data preprocessing, and ensemble methods. The study
stressed that combining imaging data with clinical and lifestyle factors makes predictions much more accurate.
But it also brought up problems like uneven data, overfitting, and the need to be able to explain things to gain
professional trust.
This last study by Shoily et al. [20] compared different machine learning methods for finding strokes. They looked
at models like Logistic Regression, Naive Bayes, and Random Forest. Based on their research, they found that
while Random Forest was good at making predictions, hybrid and ensemble methods could be even more accurate
and reliable. They also said that making the data easier to understand and dealing with missing or noisy data are
very important for deployment to work in clinical situations.

3. MATERIALS AND METHODS
The suggested system includes a full machine learning-based prediction framework created to figure out how
likely it is that a person will have a brain stroke by looking at organized clinical and behavioral factors. The Stroke
Prediction Dataset from Kaggle is used, which includes important factors like age, gender, high blood pressure,
heart disease, glucose level, body mass index (BMI), and smoking status. Label encoding, one-hot encoding, and
Random Forest Imputation are some of the things that are done to prepare the data before it is normalized and
class-balanced using SMOTE and ADASYN methods. Grid Search optimization uses many methods, like
Random Forest, SVM, and deep learning architectures like LSTM and BiRNN, to improve accuracy and
generalization. This method focuses on being easy to understand by using Al-based feature analysis that can be
explained. This helps us learn more about how health issues like high blood pressure, glucose metabolism, and
obesity make people more likely to have a stroke [22, 23, 27].

--‘_I_O
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Fig.1 Proposed Architecture

Figure 1 shows a workflow for using a web tool to guess strokes using Al. The patient starts by entering
information about their living into the tool. Based on their habits, our model then looks at this information to guess
how likely it is that they will have a stroke. After seeing the model's result, the patient decides what to do next.
Case 1: If the model says "Stroke likely," the person should see a doctor right away for a checkup. Case 2: If the
model says "Stroke Unlikely," the person should only see a doctor if they have symptoms.

i) Dataset Collection:

The study uses the Stroke Prediction Dataset from Kaggle, which has 5,110 patient records with information about
their gender, age, hypertension, heart disease, marital status, type of job, type of residence, average glucose level,
BMI, smoking status, and the number of strokes they had. This dataset provides a wide range of samples that are
fair and accurate, which is important for creating accurate models that can predict who will have a stroke. Each
factor gives important information about the complex nature of stroke, since risk factors like high blood pressure,
diabetes, and obesity are highly linked to cerebrovascular disorders [24]. The structured nature of the information
makes it possible to look at both medical and behavioral factors that affect the risk of having a stroke. Figure 2
shows how the attributes in the Stroke Prediction Dataset used in this study are spread out and organized.

id gender age hyperiension heart disease evermarried  work type Residence type avg ghucose level bmi  smeking status stroke
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Fig.2 Dataset Collection

ii) Pre-processing:

During preprocessing, unstructured health data is turned into a format that can be used for predictive models. It
makes sure that the data is correct, consistent, and reliable by filling in missing values, encoding categorical traits,
and leveling scales. In this study, preprocessing improves the quality of the dataset by encoding, correction,
scaling, and balancing. These steps are necessary to make learning more efficient and improve the performance
of stroke prediction models.

a) Data Processing: A series of steps called "refinement” are used in data processing to get the information ready
for model training. Label Encoding is used to turn categorical factors like gender, marital status, and type of
residence into numeric variables that can be used by any machine. One-Hot Encoding is used to avoid ordinal bias
for nominal traits like the type of work and whether or not someone smokes. Random Forest Imputation fills in
missing BMI numbers by guessing and replacing them based on how they relate to other data points. This makes
the data more accurate. The assumed BMI numbers are checked to make sure they are statistically consistent with
the original distributions. This all-encompassing processing approach reduces noise, makes features easier to
understand, and makes sure that the dataset is balanced so that a strong model can be trained for predicting stroke
risk.

b) Data Visualization: Data visualization is used to look at the organization, distribution, and relationships
between features in a dataset. Visualizing the results of the classification shows that there is an imbalance between
the number of stroke and non-stroke cases, which makes it clear that resampling methods are needed. Histograms
and box plots show how things like glucose level, BMI, and age change over time, helping you find trends and
possible outliers. The correlation matrix shows how variables are related to each other and which health factors
are most important for lowering the chance of stroke. High connections between high blood pressure, glucose
levels, and age show how well they can predict what will happen. These visual studies help choose which features
to use, how to preprocess them, and how to make the model work best. This makes sure that the predictive
framework finds the important connections that are needed for a correct assessment of stroke risk and easy
understanding.

¢) Scaling the Data: By putting all the numbers into a single range, scaling makes sure that they all add the same
amount to training the model. Three types of scaling are used in this study: MinMax, Standard, and Robust.
Normalizing data within a [0,1] range is possible with MinMax scaling, which makes it good for methods that
need to handle changes in magnitude. Standard scaling makes features equal so that they have a mean of zero and
a range of one. This helps distance-based models like SVM and KNN converge faster. By putting data in the
middle of the median and interquartile range, robust scaling lessens the effect of outliers. By using these methods,
you can make sure that the numbers stay stable and that gradient optimization works well in machine learning and
deep learning models. This improves the accuracy of predictions and performance across a wide range of health
factors related to stroke risk.

d) Oversampling the Data: The Stroke Prediction Dataset has a class imbalance because there are a lot fewer
strokes than non-strokes. To make sure that training is fair, oversampling methods are used. The SMOTE,
ADASYN, and Random Oversampling methods are used in this work. SMOTE creates fake minority samples by
interpolating real ones, which increases the variety of classes. ADASYN improves this even more by creating
synthetic data that changes based on the difficulty of the class and focused on samples that are harder to learn.
Random Oversampling copies current minority class instances to make the distribution more even. These methods
stop model bias toward majority classes and make it easier to remember and generalize minority stroke estimates.
Using these methods to get balanced datasets makes learning more fair, cuts down on classification mistakes, and
makes it easier for the model to find people who are at high risk.

iii) Train & Test:

The dataset is split into training and testing subsets in an 80:20 split to make sure that building models and judging
their success are both fair. The training set, which is made up of 80% of all the data, is used to find trends and
correlations between factors that are linked to stroke risk. The last 20% is new data that is used to test how well
the learned model can adapt to new situations. This split keeps the model from overfitting by making sure it doesn't
just use trends it has learned from the training data. A lot of medical prediction studies use the 80:20 split because
it strikes the best balance between having enough learning data and having enough testing coverage. This makes
sure that the model is evaluated fairly and accurately so that it can be used in the real world.
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iv) Algorithms:
Logistic Regression is a basic classification algorithm that uses a logistic function to describe the chance of having
a stroke. It shows how health indicators are linked to desired results in a straight line. The model uses MinMax
scaling and ADASYN oversampling to make sure that learning is fair across classes and that convergence is stable,
which makes predictions more accurate. Because it is easy to understand and works well, it is a good starting point
for testing how well more complicated models can tell the difference between things.
The equation predicts class probabilities using a logistic sigmoid function.

1
T+ e Omem) W
Systematic hyperparameter tuning is used in logistic regression optimized through grid search to improve
performance and classification limits. The model evens out feature ranges and reduces class mismatch with
Standard scaling and SMOTE oversampling. This setup improves coefficient estimation, making it more stable,
robust, and generalizable while still being easy to understand across a range of data distributions.
The K-Nearest Neighbors algorithm sorts cases into groups based on how close they are to labeled samples in the

9 =cwTx+b) =

feature space. Grid Search optimization tweaks things like the size of the neighborhoods and the distance between
them. When combined with Robust scaling and SMOTE oversampling, it makes the system more resistant to
errors and better at handling uneven data by making sure that local patterns are recognized correctly.

In this setup, KNN uses distance-based classification with the help of Robust scaling and ADASYN oversampling.
It makes neighborhood-based decision boundaries stronger by creating fake cases in minority groups. The method
does a good job of capturing non-linear relationships, and robust scaling stops distortions caused by extreme
values. This makes the classification more stable and fair.

d 2
distance(x, X;) = Z (xj — X,-j) 2)
j=1

Support Vector Machine creates the best dividing hyperplanes to increase class margins, which makes binary
classification work well. Using MinMax scaling makes sure that the features are all the same, and Random
oversampling makes sure that the representation of each class is fair. The configuration improves margin precision
and reduces overfitting, which makes performance reliable on complicated data structures with many dimensions.
The Objective Function for Soft Margin SVM equation given below:

n
minimize % [lW]|? +CZ{L- 3)

i=1
SVM that has been improved with Grid Search carefully adjusts kernel parameters and regularization values to
achieve better boundary separation. Random oversampling lowers bias toward dominant classes, and MinMax
scaling keeps feature uniformity. This setup makes generalization and accuracy better, especially when it comes
to finding small differences between feature groups that are closely linked.
To guess what will happen in a categorical situation, decision tree learning divides data into hierarchical layers
based on feature limits. Robust scaling makes the model less sensitive to outliers, and SMOTE fixes class
imbalance by making minority samples more common. The final model makes the data easier to understand and
more accurate at classifying it, effectively capturing complicated decision patterns in structured health data.

k
1(i)=1—zp,-2 (4)

To keep things from fitting too well, Decision Tree with Grid Search uses hyperparameter optimization for depth,
split criteria, and minimum samples per leaf. Standard scaling makes sure that all features are the same, and
random oversampling evens out the spread of samples. This setup improves the stability of decisions and the
accuracy of predictions, which makes classification more robust and easier to understand.

Random Forest uses ensemble averaging to join several Decision Trees to improve the accuracy of classification
and lower the variance. It makes sure that everyone learns the same way by using Standard scaling and SMOTE
oversampling to balance how inputs are represented. The algorithm is very good at generalization, better at
figuring out how important a trait is, and strong against noise and overfitting.

The Gini Equation given below:
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c
Gini=1-— Z(Pi)z (5)

Random Forest improved by Grid Search uses split criteria and optimized tree configurations to get better results
from the whole group. Outliers have less of an effect when robust scaling is used, and random oversampling makes
the distribution of classes similar. By adding up different tree results to lower model uncertainty, the model
becomes more accurate, consistent, and easy to understand.
The Gaussian Naive Bayes method uses statistical reasoning based on the Gaussian distribution to sort data into
groups where each group is conditionally independent. Robust scaling reduces distortion caused by extreme
values, and SMOTE creates fake cases of minorities. The method is fast, gives statistical results that are easy to
understand, and works reliably on datasets that are only slightly unequal.
The 1D Convolutional Neural Network uses convolutional filters to find patterns in a small area of space. This
lets the network automatically learn new features. The sources are standardized by robust scaling, and the
representation of classes is balanced by SMOTE. This deep learning method makes it easier to describe features
in a hierarchical way and makes predictions more accurate by quickly finding patterns in sequential numerical
attributes.
The Gated Recurrent Unit handles sequential dependencies by keeping important temporal information by using
gates. Stable input sizes are guaranteed by robust scaling, and SMOTE makes class variety better. GRU improves
the efficiency of dynamic learning by lowering disappearing gradients and making accurate predictions from
feature sequences that change over time or are correlated.
Gated cells control how long memories are kept in Long Short-Term Memory networks, which can pick up on
long-range connections. Random oversampling lessens the affects of imbalance, and MinMax scaling makes
features more even. The model learns complex temporal relationships and keeps gradient propagation stable,
which leads to better generalization and consistent performance across data that is organized in a sequential way.
The equation below represents the hidden state update in LSTM.

he = oW, * [h¢—1, %] + b,) - tanh(Cy) (6)
The Artificial Neural Network uses many layers that are all linked to show how features are related in a way that
is not linear. Random oversampling fixes class imbalance, and robust scaling evens out the spread of the data. The
network improves its adaptability, robustness, and accuracy by changing its weights over and over again. This
makes it better at making predictions across a wide range of data trends.
The equation below represents the output prediction in neural networks.

$=o(wt-at~t +bb) @)

The Bidirectional Recurrent Neural Network can handle sequences going both forward and backward, which lets
it learn about the whole temporal context. Random oversampling makes sure that training is fair, and robust scaling
keeps the numbers that are fed in stable. This two-way flow makes it easier to see how context affects predictions
and makes predictions more accurate across both ordered and linked datasets.
The Voting Classifier uses majority or weighted voting to combine results from XGBoost, Random Forest, and
AdaBoost, which are three base learners. Random oversampling improves representativeness, and robust scaling
makes sure that inputs are treated consistently. The ensemble integration makes predictions more stable, accurate,
and useful by using the best parts of each method that work together.
The equation below represents the majority voting process in classifiers.

9 = argmax, (Z I, = c)) ®)

=1

v) Integration of XAl and Flask Framework:

Explainable Artificial Intelligence (XAI) is added to the suggested voting-based ensemble structure to make stroke
vulnerability predictions easier to understand and more open. The system uses XAl techniques like LIME and
SHAP to find and show the most important factors that affect each forecast made by the three models working
together (XGBoost, Random Forest, and AdaBoost). This integration helps doctors understand why predictions
are made, which builds trust and makes it easier to make clinical choices based on data.

The Flask framework is used to make a simple, interactive online interface for predicting things in real time. It
links the trained model to an easy-to-use front end so that users can enter health information and get instant
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estimates of their risk of having a stroke. The combination of Flask and SQLite makes it possible to handle data
quickly and launch the predictive system without any problems.
4. RESULTS AND DISCUSSIONS
Accuracy: How well a test can tell the difference between sick and healthy people is called its accuracy. To get
an idea of how accurate a test is, we should figure out what percentage of cases are true positives and true
negatives. In terms of math, this can be written as
TP + TN
Accuracy = T FP + TN + FN ©)
Precision: Precision is the percentage of correctly classified cases or samples compared to those that were

correctly classified as positives. So, here is the method to figure out the precision:
Precisi True Positive 10
recision =
True Positive + False Positive (10)
Recall: In machine learning, recall is a metric that shows how well a model can find all the important instances

of a certain class. It shows how well a model captures instances of a certain class. It is calculated by dividing the

number of correctly predicted positive observations by the total number of real positives.

Recall = — ¥ 11
et = TP ¥ FN (1)

F1-Score: The F1 score is a way to rate the correctness of a machine learning model. It takes a model's accuracy
and recall scores and adds them together. The accuracy metric counts how many times, across the whole dataset,
a model made a correct guess.

F1s 5 Recall X Precision 100 (12)
= *k *
core Recall + Precision

AUC-ROC Curve: The AUC-ROC Curve shows how well a classification problem is solved at different
benchmark levels. The True Positive Rate is plotted against the False Positive Rate by ROC. AUC measures how
well the model can tell the difference between classes; a higher AUC means the model works better.

= TPRy4, + TPR;
2

AUC = Z(mzzi+1 —FPR,)- (13)

i=1
Table.1 Performance Evaluation

Model Accuracy | Precision | Recall | F1- | ROC-
Score | AUC
LR (Grid 0.867 0.867 0.867 | 0.867 | 0.867
Search)
RF 0.954 0.954 0.954 | 0.954 | 0.954
GaussianNB 0.596 0.771 0.596 | 0.518 | 0.596
DT 0.922 0.922 0.922 | 0.922 | 0.922
KNN (Grid 0.930 0.933 0.930 | 0.930 | 0.930
Search)
IDCNN 0.871 0.874 0.871 | 0.871 | 0.871
GRU 0.874 0.876 0.874 | 0.874 | 0.874
DT (Grid 0.977 0.978 0.977 | 0.977 | 0.977
Search)
SVM (Grid 0.871 0.877 0.871 | 0.870 | 0.871
Search)
SVM 0.818 0.825 0.818 | 0.818 | 0.818
LST™M 0.760 0.760 0.760 | 0.760 | 0.760
ANN 0.825 0.840 0.825 | 0.823 | 0.825
BIRNN 0.818 0.841 0.818 | 0.815 | 0.818
RF (Grid 0.989 0.989 0.989 | 0.989 | 0.989
Search)
LR 0.864 0.864 0.864 | 0.864 | 0.941
KNN 0.912 0.917 0.912 | 0912 | 0.962
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Extension 0.994 0.994 0.994 | 0.994 | 0.994

Voting
Table 1 shows how well different machine learning and deep learning models predict the risk of having a stroke.
Fig.3 Comparison Graph

12

1

0.8

0.6

0.4

0.2

0
Mmoo =~ > 'z =z o
ERESEE25822C222355% 2
< g SO0 IS cmnmnwnn<x M O
5 S QA O O — —= O >
n % «»n A ©n m «»
=T 3 = T2 i< g
¢ © & &g S
a2 = =
3 Z QE & is

Mi n

B Accuracy M Precision M Recall # F1-Score ®ROC-AUC

Accuracy (blue), Precision (orange), Recall (gray), F1-Score (yellow), and ROC-AUC (dark blue) are the
performance measures that are shown in Figure 3.

I Stroke Risk Assessment Form I

Fig.4 Stroke Risk Assessment Form
In Fig. 4, the interface shows a Stroke Risk Assessment Form that users fill out with medical, demographic, and
lifestyle information to figure out how likely it is that they will have a stroke.

Stroke Risk: LOW

v
Rocommendations.

Fig.5 Prediction Results — Positive
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Figure 7 shows the result interface, which shows that the expected stroke risk is "Low," which means that there is
a very small chance that the stroke will happen based on the factors that were looked at.

H

Stroke Risk: HIGH

Risk Level A Confidence

Fig.6 Prediction Results — Negative
Figure 6 shows the result interface, which shows that the predicted stroke risk is "High," which means that there
is a much higher chance of having a stroke based on the health signs that were looked at.

5. CONCLUSION
The system successfully shows how machine learning and deep learning can accurately predict a person's risk of
having a brain stroke using the Stroke Prediction Dataset from Kaggle. This dataset includes important health
indicators like age, gender, hypertension, heart disease, glucose level, BMI, and smoking status. A lot of work
went into preprocessing the data, including label encoding, one-hot encoding, and Random Forest Imputation for
BMI. Next, correlation matrices and distribution plots were used to see how the features were related. Using
MinMax, Standard, and Robust feature scalers along with oversampling techniques like SMOTE, ADASYN, and
Random oversampling fixed the problem of uneven data and made sure the model was consistent. Grid Search
was used to learn and improve many algorithms for better accuracy. These included Logistic Regression, K-
Nearest Neighbors, Decision Tree, Random Forest, Support Vector Machine, Gaussian Naive Bayes, 1D-CNN,
GRU, LSTM, ANN, and BiRNN. To get even better results, ensemble learning was used with a Voting classifier
that mixed XGBoost, Random Forest, and AdaBoost. This achieved amazing accuracy, precision, recall, F1-score,
and ROC-AUC of 99.4%. Using Explainable Al techniques like LIME and SHAP made model interpretation
clear, and the Flask-based web interface with SQLite integration let users interact with the system and see their
predicted stroke risk in real time. This made the system very useful for preventive healthcare because it was
effective, easy to understand, and easy to use.
In the future, this system will be able to make better predictions by adding bigger and more varied medical
datasets, such as genomic data for personalized analysis and real-time patient tracking. Adding advanced ensemble
learning and deep hybrid architectures could make the system even more accurate and useful for a wide range of
groups. The web-based interface can be turned into a mobile app so that more people can use it and healthcare
can be integrated from afar. Real-world deployment with cloud-based data pipelines, ongoing model retraining,
and advanced Explainable Al frameworks will also improve the ease of clinical interpretation, help with decision-
making, and widespread use of digital health environments.
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