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Abstract: A stroke occurs when large brain parts lose blood flow, potentially leading to death.
Given the increase in stroke occurrences, it is vital to understand the variables causing them. It is
vital to create a system that can accurately predict whether or not a person will have a stroke. Several
machine-learning methods, including Decision Trees (DT), Extra Trees (ET), Random Forest (RF),
and Voting Classifiers (VC), are being investigated for their capacity to predict siroke risk. Furthermore,
the research demonstrates that although cer- tain parameters, such as smoking status, age, and gender,
are significant, others, such as domicile, are not and may be controlled by utilizing feature selection
technigues. Principal Component Analysis is a dimensionality reduction approach that can be used
together with a class balancing approach like the Synthetic Minovity Over- sampling Technique
(SMOTE). Previously, the dataset was unegual, with 95 percent of cases expressing non- stroke risk
and the remaining cases suggesting stroke visk. To balance the data, the SMOTE oversampling
approach is used, which involves replicating nearby samples. Each algorithm's Receiver Operating
Character- istic score is determined, and ET, RF, and VC have a curve area larger than 0.95. When
many performance criteria, such as overall accuracy, precision score, recall score, and f1 score, are
considered, the Voting En- semble method outperforms current stroke detection algorithms. Most
hypertensives will have a stroke. Stroke rvisk is greatest with hypertension. Most patients with
cardiovascular disease experience a stroke. 95% of pa- tients without cardiac disease are stroke-free.

5% of heart disease patients suffer strokes.
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The healthcare sector is somewhat complex and evolving over time, which means that the system's activity

varies over time and a comprehension of its component parts alone is insufficient to provide a complete picture. This
system i1s more complicated than the educational system, banking industry, or military. Mo other business or in-
dustry has as many mechanisms, moving elements, a body with complex and varied requirements, and options and
actions to meet those needs as the healtheare industry [ 1]. Numerous healtheare procedures must be modified due to
the unpredictability of patient presentation. There are numerous stakeholders in the healthcare industry, each with
their own responsibilities and interests, as well as rules of varying stringency that povern particular issues while
neglecting others. There are numerous practicable combinations of care, activities, events, interac- tions, and outcomes.
A stroke 1s a medical condition that can occur when portions of the brain do not receive enough blood or when their
blood supply is cut off. In the absence of essential nutrients and oxygen, cells begin to perish. Strokes are regarded
as medical emergencies requiring immediate treatment. [t depends on a variety of health-related factors, such as a
person's smoking and alecholic behaviors, body mass index, glucose level, ete. The ability to predict strokes is
crucial in the struggle against fatalities caused by strokes. This study included elevated blood pressure, body mass
index (BMI), coronary artery disease, and average glucose levels as prospective risk factors for stroke. Moreover,
ML has the potential to play a crucial role in stroke prediction[2] [3].

Brain MRI and CT are the main ways that neurodevelopmental prognosis is done when a stroke is evaluated.
Other studies have demonstrated that bio-signals such as brain waves, muscle activity, and electrocardiograms may
be utilized to detect and preclude stroke diseases [11]. For stroke detection, imaging methods like CT and MRI have

recently been popular. However, they still have drawbacks in the examination and diagnostic process due to
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hypersensitive responses to contrast agent medication penetration, radiation exposure, and claustrophobia in a confined
environment.

MOTIVATION= Early stroke recognition, which is a critical step on the way to successful treatment, may
benefit greatly from ML. Machine learning (ML) is a cutting-edge technology that can help doctors make clinical
decisions and pre- dictions in all fields of life including financial sector [12], e-learning [13][14][15]. recommendation
systems [ 16][17], etc. This allows them to attain the previously stated aim. Few studies have been conducted over the
past several decades to improve stroke diagnosis with the use of ML in terms of accuracy and speed. Given this, the
current work categories some of those studies based on their commonalities, assesses each categorization in a systematic
way, and provides useful information on the application of ML-based techniques in brain stroke.

CONTRIBUTION=- In this work, the data description, machine learning algorithms and matrices, and
experimental methodologies are each broken out into their respective areas.

- Approach 1: The first contribution is to use the testing set to test the models after training them with the
original data (after SMOTE resampling).

- Approach 2: The second one is on the testing set, constructing new data with the assistance of the predictions
generated by the basic models used in Approach 1.

The principal component analysis was performed on each of the test sets. The PCA transformations of the
data were used to produce new data, which were then handled as new features. These new data were produced using
the predictions of the data. The original models are going to be trained on the new data that was used for the training
set, and then the new test set is going to be tested using a voting classifier, an ensemble that includes the original
maodel as its basis.

Table 1. List of Abbreviations

Abbreviations Term
ML Machine Learning
MRI Magnetic Resonance Imaging
CcT Computerized Tomography
BMI Body Mass Index
SMOTE Synthetic Minority Oversampling Technigue
PCA Principal Component Analysis
RF Random Forest
DT Decision Trees
ET Extra Trees
KNM E-Mearest Neighbour
SWM Support Vector Machine
W Woting Classifiers
ROC Recerver Operating Characteristic
S0 Stochastic Gradient Descent

The random forest (RF) algorithm is a supervised learning technique that utilizes the bagging method to
con- struct an ensemble of decision trees (DT).
In the RF algorithm, the construction of trees occurs in an unpredictable manner. Unlike a standard DT, where the
selection of the most informative feature is prioritized for node splitting, RF considers a diverse range of features
during this process. This diversity results in the generation of a more robust model. Therefore, when splitting a node
in RF, only a randomly selected subset of features is considered. The introduction of random thresholds to each
feature further enhances the randomness of the trees, surpassing the pursuit of finding the optimal thresholds asin a
standard DT.

ORGANIZATION- The research paper has been divided into five main sections. In the first section, a
quick explanation of the study's purpose and scope is discussed. In Section 2, the relevant research is analysed, and
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a comparison study is also presented in tabular form. The methods that were applied in those investigations are
examined in Section 2, which is titled "Materials and Methods.” This section discusses a variety of methodologies,
provides an explanation of the data that was selected, examines ML methodologies, and examines evaluation metrics.
The results of the correlation and performance analysis are discussed in the next section, which is section 3, along
with additional information that is more in-depth. The conclusion of this study may be found in section 4, which
contains the concluding notes as well.

MATERIALS AND METHODS- LONG-TERM RISK OF STROKE- In order to evaluate the long-
term risk of stroke, the initial dataset was divided into a training set and a test set. Each instance in the dataset was
assigned a binary variable y to indicate its class label, representing either "Stroke” or "Non-Stroke." The objective of
the subsequent analysis was to develop machine learning models that demon- strate high recall (or sensitivity) and
area under the curve, ensuring accurate prediction of stroke cases. The pro- posed methodology for stroke prediction
encompassed several steps, which are elaborated upon below. Within the realm of classification analysis, feature
importance assumes a critical role in facilitating the development of precise and reliable machine learning models.
In this section, we present the models that will be utilized in the classification framework for stroke occurrence. For
this purpose, various types of classifiers are emploved.

NAIVE BAYES CLASSIFIERS- First, the nafve Bayes (NB) classifier was explored, which maximises
probability if the characteristics are substantially independent [30]. A new subject | with characteristics vector xi
is classified in the class v with the highest P{y|Xii..... %a). The conditional probability is expressed as follows:

P(xp, .., Xuly)P(y)
PO, xm) = —p ) =

Xin

Where Plxy,....x,|y) = ﬂ=l P(xy|y) is the features probability given the class, P(y) is the prior proba-
bility of the class, and P(xil...., xin) is the prior probability of the features. The following optimisation problem
was created in order to maximise the numerator of equation (1).

y= argmax P(y) [1"=1 P(xy|¥) (2)

K-NEAREST NEIGHBORS- The K-nearest neighbours (K-NN) classifier is an algorithm that relies on
distance measurements, such as Euclidean or Manhattan distances, to assess the similarity or dissimilarity between
two instances within a given dataset . Among these distance metrics, the Euclidean distance stands out as the most
straightforward and widely adopted. Assuming xnew represents the feature vector of a new sample awaiting
classification, which can be categorized as either a stroke or non-stroke case, the KNN classifier identifies the K
nearest vectors (1.e., neigh- bours) to xnew. Subsequently, xnew is assigned to the class to which the majority of its
neighbouring vectors belong.

RANDOM FOREST- Random Forest is an ensemble learning algorithm [ 19] that combines multiple decision
trees to make predic- tions. It utilizes the concepts of bagging and random feature selection to improve accuracy and
reduce overfitting. Its suitability for stroke prediction lies in its ability to handle high-dimensional data, handle
missing values, and provide robusiness against noise, ultimately leading to reliable predictions.

PROPOSED CLASSIFIER- The use of RF makes determining the relevance of variables simpler. Sklearn
measures relevance by how much a feature reduces impurity across all trees in the forest. Because of their low
predictive value, features based on significance may be eliminated. Overfitting happens largely when there are too
many traits, although it may also oceur in the reverse direction. The RF's hyper parameters are utilised to either speed
up the model or increase its forecasting abilities. One of the most significant advantages of an RF 1s its versatility. It can
be used to solve classification and regression problems, and it is evident how much weight the input characteristics get.
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ET adopts a top-down approach to construct decision and regression trees. Unlike previous tree-based
ensemble methods, Extra Trees utilizes the entire learning sample during tree construction. The hyperparameter for
Extra Trees is the number of trees in the ensemble. Increasing the number of trees generally improves the overall per-
formance of the model. While adding more trees may seem prone to overfitting, all three methods (bagging, RF, and
Extra Trees) are stochastic and inherently resistant to overfitting.

Evaluation Metrics- During the process of evaluating the Machine Learning models that were taken into
consideration, numerous performance indicators were recorded. In this particular analysis, we will focus on the one
that is utilised the vast majority of the time in the relevant literature .

The predictive performance of a model may be summed up using the F-measure, which is the harmonic

mean of the accuracy and recall statistics.

TF
Recallm —— ()]
TP + B
P isi L 7
-
recision TF v P {7}

Precision » Recall
F = Measure m 2 — (8)
Precision + Recall

TN + TP
Accuracy = ()]
TN 4+ TP + FN + F

Here, TP: true positive, TN: true negative, FP: false positive and FN: false negative. Machine learning and

statistical analysis use the area under the curve {AUC) to evaluate binary classification models. It measures the
model's ability to differentiate stroke and non-stroke cases. A higher AUC indicates better stroke classification.

The AUC of a receiver operating characteristic (ROC) curve shows the trade-off between sensitivity (sensitiv-
ity) and specificity ( l-specificity) for different categorization thresholds. An AUC of | indicates that the model
properly assigns stroke cases higher probability or scores than non-stroke instances. If all strokes and non-strokes
are misclassified, the AUC is 0, indicating no discriminating power. AUC evaluates model performance across
categorization thresholds.
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IMPLEMENTATION & ANALYSIS- DATASET DESCRIPTION- The dataset for the study and
estimation of stroke risk was obtained from the open-source database repository Kaggle. It's a healthcare dataset
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including sample rows on around 5110 persons. Table 3 describes all of the attributes gathered, which comprises
information on 5110 people with various health conditions. The data was compiled from a variety of medical clinics
in Bangladesh. The stroke dataset consisted of 12 metrics, including patients' demographic data (1D, Gender, Age,
Marital Status, Type of Work, and Residence Type) and health records (Hypertension, Heart Disease, Average Glucose
Level measured, Body Mass Index (BMI), Smoking sta- tus and experience of stroke). In Table 3, Column_name
abbreviates all 12 mentioned features, and Sample[0], Sample[1], and Sample[2] presents the feature values.

From the dataset, the age, hypertension, heart disease, avg_glucose_level, BML, and stroke features are the
numerical values hence Table 4 presents a statistical analysis of such features from the dataset. Table 4 provides the
total count, Mean {average), Min (minimum), Max (maximum), and SD (standard deviation) of the numerical data
values presented in the stroke dataset.

iCable 3. Statistical Analvsiz of Stroke Dataset

Par | ame |"UUTL | demse | lever | bmi | swoke
Count | 5110 5110 5110 5110 4509 5110
Mean | 4322 0097 0.054 106.147 28 89 0.0487
Min. | 0.08 ] 0 55.12 103 0
Max 82 ] 1 271.74 97.6 |
SD | 22.61 0.29 0.226 45283 7.854 02153

EVALUATION- Following the training phase, the proposed ensemble model for classifying stroke risk
was tested using a new test data set. Measurements are taken on things like accuracy, precision, recall, Fl-score,
confusion matrix, and Roc curve. The classification report provides a summary of the metrics that were reviewed.

The results have been obtained to evaluate the ET, DT, EF and VC method and flow that has been followed
to train models in order to accomplish the found to outperform approach for estimating the final optimum perfor-
mance. These results have allowed for an evaluation of the method and flow that has been followed.
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Fig.5. Random Forest results

When trained and evaluated on the additional features data, an ensemble model was utilized, and the results
showed the amount of right and incorrect predictions. It has demonstrated the best outcomes compared to the other
models that were examined before. It has been noticed that the number of wrong results is at its lowest. The ROC-
AUC curve has been plotted for the proposed method. The curve has achieved 0.97 area of evaluate the nature of
predicted classes. The model has outperformed in terms of area under curve, accuracy and other metrics measure to
distinguish and classifying two different classes; stroke and not stroke.

Observation-

* Hypertension and high blood pressure: The majority of persons who have hypertension as a risk factor will
ASVP PIF-9.005 [ASVS Heg. No. AZM 56172013-14
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have a stroke. A stroke will not occur in around 90% of patients who do not have hypertension. The greatest major
risk factor for stroke seems to be hypertension.

* Cardiovascular Disease: The majority of persons with heart disease will have a stroke. Approximately 95%
of patients with no heart illness are not at risk of having a stroke. Heart disease seems to be a major cause of stroke,
since 5% of people with heart disease had a stroke.

It can be seen that "NB" has an accuracy of (.84 which is better than "LR" with an accuracy of 0.79 and
"NN" with an accuracy of (.8 1. "SGD" has an accuracy of (&8, precision of 0.79, recall of 0.79, and an F1-Score of
0.79. Only accuracy is good, but it has lowest recall, precision and Fl-score. "MLP" has an accuracy of (.92 and
"ET" has an accuracy of 0.96 which is better than "DT" with an accuracy of 0.91. "RF" and "VC" has an accuracy of
(.95 and 0.96 respectively.

"Proposed Ensemble” has the highest values across all metrics with an accuracy of 0,97, precision of 096,
recall of 0.98, and an F1-Score of 0.97. This suggests that the proposed ensemble model performs very well across
these evaluation metrics.

CONCLUSION AND FUTURE WORKS- The healthcare industry needs to change into a learning system
where everyone knows how it works, and there are strong feedback loops to keep change moving forward. The
efficiency of our existing systems may be en- hanced if we develop a unified point of view and experiment with other
ways of thinking.

It is time to stop making things more complicated, changing the boxes on the organization chart, and adding
more kips; instead, it is time to do something more complex, which is why [ would like to warn those who advocate
for the most popular tactics of the present day. Performance metrics include accuracy, precision, recall, the fl-score,
comparison bar graphs, and confusion matrices.

Thus, in the future, both features from C5V and image file (extraction using deep learning) can be combined
and ML can be applied to predict the stroke with improved accuracy. Also, loT-based data collection and online
diagnostics can be made, and prescriptions can be recommended by Medical Experts based on the patient's data and
his/her images through the hybrid model.

Also, the patient's data having all details along with CT scans/PET/MEI/FMRI can be considered to pass it
into the Deep Leaming model. The features extracted from flatten layer can be combined with other features of
patients like age, other diseases, symptoms, etc., to get better models which can detect and recommend preventive

measures to avoid strokes.
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