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Abstract: A stroke can happen when the blood supply to a certain region in the brain’s cortex is abruptly severed. Without adequate
blood flow, brain cells will eventually die, and the extent of the damage will be inversely correlated with the area of the injured
brain. Early symptom identification is essential for stroke prediction and encouraging healthy habits by giving helpful information.
The solution to these issues is developing a precise and effective early-stage prediction model employing analytical support in clinical
decision-making with digitized patient information. Most research focuses on forecasting cardiovascular stroke, but the cerebral risk
for stroke has gotten far less attention. The current study aims to progress and assess several machine learning models to create a
framework for predicting the long-term potential of cerebral stroke. By conducting a thorough experimental assessment using two
different methodologies, namely SMOTE and SMOTE ENN, the suggested work tried to address the issue of imbalanced data from the
Kaggle dataset. On SMOTE-Balanced as well as SMOTE ENN-balanced datasets, several models such as K-nearest neighbour (KNN),
logistic regression(LR), support vector machine(SVM), decision tree(DT), random forests, XG boosting, stacking, and ANN are trained.
As demonstrated by the results, SMOTE ENN and the stacking classification approach achieved a remarkable 99.52% accuracy, with
a recall of 99.30%, a precision of 99.4%, and an F1 measure of 99%. We found that a relatively simple data balancing technique
combined with a supervised machine learning algorithm can be used to predict strokes with high accuracy and great practical potential.

Keywords: Stroke, Data Balancing, Machine Learning, Data Analysis, Performance evaluation

1. INTRODUCTION
Our ideas, feelings, and language are all products of

the brain, which also directs our movements and serves
as a memory bank. The brain controls many additional
biological functions, including breathing and digestion. If
your brain doesn’t have enough oxygen, it can’t work
correctly. The arteries in your body deliver oxygen-rich
blood to all of the many parts of your brain. Brain cells
start dying minutes after losing the supply of oxygen when
any form of restriction reduces the blood supply to the
area of the body that receives it. This results in a stroke.
Risk elements include diabetes, atherosclerosis, high blood
pressure, homocysteine levels, and your genes[1]. Stroke is
the main reason for disability area of the United States [2].
It ranks as the fifth largest reason for death in the United
States [3]. It is anticipated that the number of strokes will
more than double between 2010 and 2050, with the majority
of strokes occurring in individuals over the age of 75 [4].
World Stroke Organization [5] says that approx 13 million
people suffer from a stroke every year, and about 5.5 million

of them die from it. Because of this, it has a big effect on
everything. Stroke affects not only the person who has it but
also their friends, family, and workplace. Also, contrary to
what most people think, it may occur to anyone of any age,
no matter their gender or whatever is physical health. Efforts
that are complementary in the fields of it are becoming
clearer thanks to advances in brain engineering along with
restorative medicine, how neuroprosthetic procedures can
control devices, and ultimately restore body function [6].
Despite the significant strides made over the years, finding
novel therapies for arm recovery from function following
stroke remains a top goal. Additionally, a stroke’s symp-
toms might change, and the condition progresses swiftly.
Sometimes, symptoms may appear very gradually, while
other times, they may appear very suddenly. Typically, the
most prevalent symptoms include paralysis or weakness in
the legs or arms. A person’s risk of stroke can be decreased
by regularly monitoring their blood pressure, participating
in regular exercise, maintaining a healthy weight, quitting
smoking and consuming alcohol, and eating a diet low in
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sodium and saturated fat [7]. As observed, many countries
have a shortage of stroke experts, and there is a substantial
rate of increase in cases that are incorrectly diagnosed.

Predicting a stroke is essential, and treatment needs to
start as quickly as possible to avoid irreversible harm or
death. Machine learning (ML) approaches can now be used
to anticipate the development of a stroke thanks to advances
in technology in the medical profession. Since algorithms
offer precise prediction and proper analysis, including them
in ML is helpful [8], [9], [10]. The majority of earlier
studies on stroke focused on several issues, including the
prognosis of heart attacks [11], [12]. Brain strokes have
not been the subject of numerous scientific projects. In the
past, many scholars utilized machine learning to forecast
strokes. We will be particularly interested in the stroke
within the context of this inquiry. Machine learning models
have been employed in a sizable number of study inquiries
on this condition [13], [14], [15], [16], [17]. To predict
the stroke, a Kaggle dataset[18] that consists of 5110
patients with 11 features (10 independent and 1 dependent)
is used. The synthetic minority over-sampling technique
(SMOTE) and SMOTE ENN were used to balance the data,
as balancing the class is essential to constructing effective
algorithms in stroke prediction. After that, with the help of
the SMOTE-balanced and SMOTE ENN-balanced datasets,
several different models are constructed and configured.

In this paper, the following are our contributions:

1) To explore the data for analysis and perform data
balancing with the help of SMOTE and SMOTE
ENN.

2) In order to research and develop machine learning
models, support vector machine (SVM), K-nearest
neighbour (KNN), decision tree (DT), and logistic
regression (LR) on both SMOTE [19] -Balanced and
SMOTE ENN [20]-Balanced dataset.

3) To enhance the performance of the proposed system
model using ensemble techniques such as random
forest, XG boosting, stacking, and ANN.

4) To examine the predictive accuracy of these proposed
techniques for estimating stroke risk survival.

5) To analyze these techniques with the state of art
literature.

6) To provide a system for predicting stroke survival
prediction that is precise and efficient.

The overview of the proposed paper is structured with
the given flow as, Section 2 describes the clinical data
involved in this study and state art. Section 3 provides
details about the method and materials that are used in the
proposed work. The detailed workflow of the system model
is presented in section 4. Section 5 provides the detailed ex-
perimental settings, results, and comparative study. Section
6 gives the conclusions drawn from the proposed work.

2. Literature Review
The literature review represents the efficient literature

study on the survival prediction of a person suffering from
a stroke patients.
Shoily, Tasfia Ismail, et al. in [2019], [13] constructed
a dataset by compiling information about strokes from a
number of different sources. There were a total of 1058
patients represented in our dataset; 412 are men, and 646
are women. In this work, the Naive Bayes classifier has
achieved an accuracy of 85.6%. while DT, KNN, and
RF all have achieved an accuracy of 99.8%. The recall,
precision, and f-measure according to (NB)Naive Bayes are
respectively 88.1%, 85.6%, and 86.1%. All of the DT, k-
NN, and Random Forest models have exact precision, recall,
and f-measure values, which are respectively 99.8%, 99.8%,
and 99.8%.

The authors constructed nine models in [2019] [14] on
the real-time data that was collected during China’s nation-
wide program for early detection and treatment of stroke in
2017. The suggested models assisted in determining each
participant’s individual degrees of stroke risk. The model
with the random forest got the maximum level of precision
i.e. 97.33%), in this observation boosting model that used
decision trees obtained the maximum level of recall i.e.
99.94%. If the random forest model, which has a recall
of 98.44%, were employed instead of the method that is
now being utilized, the recall would be enhanced by around
2.8%, and each year, many thousands more people who have
had a high risk of stroke can be recognized.

Sheng-Feng Sung et al. in [2021][21] analyzed 1361
patients stroke data. The FAST model has a value of
0.737 for its area under a highly accurate curve (AUPRC),
whereas the BE-FAST-1 has a value of 0.710, as well
as BE-FAST-2 models, had values of 0.562, respectively.
The top three ML models’ areas under receiver operating
characteristic curves, or AUPRC, were as follows: 0.782
for LR using class weighting, 0.783 for LR to synthesized
minority oversampling method (SMOTE), and 0.787 for the
regression and classification tree to under-sampling. Logis-
tic regression and random forest methods obtained greater
results of AUPRC than other ML models, particularly when
class weighting with SMOTE was used to address the
issue of class imbalance. Age, body temperature, diastolic
blood pressure well as pulse rate were additional crucial
factors that were taken into consideration while establishing
a stroke-alert trigger. These features were taken into con-
sideration in addition to the presenting symptoms with the
triage level. Performance utilizing forecasting algorithms
for identifying patients who may have had a stroke was
greatly enhanced by the use of ML approaches. These
machine learning models may be included in an electronic
triage system to provide clinical decision assistance in
emergency department triage.

Data preprocessing was carried out by Sailasya et
al. in [2021] [15], who took into account many Kaggle
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datasets[18] and dealt with issues such as handling imbal-
anced data, label encoding, and missing value management.
Six different machine-learning techniques were used to
analyze the dataset once it has been cleaned and prepared.
When compared to the other methods, Naive Bayes classi-
fication achieved the highest accuracy, at 82%. They have
created an HTML portal where users may input information
to determine for themselves if they have suffered a stroke.

Tazin, Tahia and Alam et.al. in [2021] [16] investigated
the efficacy of many ML algorithms in accurately predicting
stroke based on a number of physiological factors on the
Kaggle Dataset[18]. It has been observed that in this work
the maximum classification accuracy of 96 %, random
forest classification surpasses the other methods evaluated.
The research indicated that when cross-validation measures
are applied to brain stroke predictions, the random forest
method beats alternative approaches.

With the help of machine learning (ML), in [2022],
Dritsas, Elias, and Trigka et.al. [17] built and tested a
number of ML models on Kaggle dataset [18] to make
a strong framework for predicting the long-term danger-
ous conditions for the occurrence of stroke. The main
benefit of this research was the SMOTE data balancing
methodology and a stacking strategy that provided good
performance. Different metrics, including accuracy, AUC,
recall, precision, and F-measure showed this. The results
of the experiment showed that the stacking classification
approach is better than the others, with an AUC of 98.9%,
an F-measure, precision, recall, and accuracy of 97.4%, and
an accuracy of 98%.

In [22], the authors developed automated prediction
algorithms for early intervention. In this study, six clas-
sifiers for stroke prediction, focusing on generalization and
accuracy were compared. We also employed SHAP (Shap-
ley Additive Explanations) and LIME (Local Interpretable
Model-agnostic Explanations) to explain model decisions,
finding that complex models achieved up to 91% accuracy,
while simpler ones ranged from 83-91%. This proposed
work integrated global and local explainable techniques
and improved stroke care by clarifying model decision-
making. In [23], the authors proposed a model to accurately
predict brain strokes using the “Stroke Prediction Dataset”
from Kaggle. Among the seven models tested, the gradient-
boosting classifier achieved the highest accuracy at 97.2%,
and they suggested the proposed model be used in cloud-
based systems for real-time stroke prediction to aid health-
care professionals. In [24], the authors provided the review,
adhering to PRISMA guidelines, examined studies from
five databases (Google Scholar, PubMed, IEEE Xplore, Sci-
enceDirect, and Scopus) published between January 1988
and June 2023. It found that 94.1% of 17 identified studies
used Explainable Artificial Intelligence (XAI) for model
visualization, and 47.06% used model inspection, but none
employed specific evaluation metrics or assessed human
confidence in XAI for stroke diagnosis. XAI is essential

for building trust in diagnostic processes among patients
and healthcare providers.

In [25], the authors aimed to improve stroke predic-
tion by addressing data imbalance and algorithmic bias.
The authors focused on accurate stroke detection to aid
prevention, emphasizing the importance of data quality
and preprocessing. The optimization model and machine
learning algorithms, particularly using SVMs, achieve 98%
accuracy and 97% recall. This research demonstrated how
advanced techniques and thorough data analysis can en-
hance stroke prediction and potentially benefit other medical
fields, improving public health outcomes.

There are various ML-based stroke survival prediction
techniques. However, these techniques were shown to have
quite restricted performances, with only SMOTE balancing
technique for a dataset of research obtaining an acceptable
degree of efficiency.

3. Materials andMethods
In this section, we provide detailed information about

the dataset, conduct exploratory data analysis, and describe
the data preprocessing steps undertaken in the proposed
work.

A. Materials
This subsection presents essential details about the

dataset used in the study, including its origin, size, and
relevant features. It also provides the data preprocessing
steps to prepare the data for further analysis. The dataset
undergoes an exploratory data analysis to gain insights
and understand its characteristics better. Summary statis-
tics, data visualizations, and other relevant techniques are
employed to explore the dataset thoroughly.

1) Dataset
Our study utilized a dataset obtained from Kaggle [18].

The adults in this data set were the primary focus of
our analysis. There were 5,110 people involved, and their
attributes are as follows: (1 as the target class and 10 as
inputs to ML models).

1) id: unique identifier
2) gender [26]: “Male”, “Female” or “Other”. In this

data set Female, 2907 Male 2074 patients. A more
in-depth understanding of the ways in which Age
influences stroke outcomes will benefit people of all
ages and backgrounds.

3) age [26]: age of the patient. By the age of 25, women
have a one-in-four chance of having a stroke in their
lifetime, which is significantly higher than the risk
for males.

4) hypertension[27]: 0 if a person has normal blood
pressure and 1 if a person has high blood pressure.
9.7% of patients are hypertensive

5) heart disease [28]: 0 if a person has no heart prob-
lems, if a person had cardiac disease, for example.
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Heart disease damages the brain. The 5.40% patients
have heart disease.

6) ever married [29]: This indicates if patient is mar-
ried or not. 3353 patients are married and 1757 are
unmarried.

7) work type [30]: Work status is represented by five
categories: private 57.24%, self-employed 16.02%,
children 13.44 %, govt job 12.85%, and never
worked 0.43%.

8) Residence type [31]: 2596 patients are from urban
and 2514 are from Rural.

9) average glucose level [32]: The maximum average
glucose level is 271.74, and the minimum is 55.12.

10) BMI [33]: This indicates body mass index.
11) smoking status [34]: This has four categories

formerly smoked 17.31 %, ”never smoked 37%”,
smokes 15.44 % or Unknown 30.21 %

12) stroke: This indicates whether the subject suffered
a stroke.4.87 % have had a stroke.

2) Data Pre-processing
Prior to applying machine learning algorithms, the

dataset undergoes preprocessing steps. These steps involve
handling missing values, feature scaling, categorical vari-
able encoding, and any other necessary transformations
required to prepare the data for further analysis.

1) Removal of missing values : Quality of predic-
tions may suffer if raw data is of poor quality, for
example, if there are missing values or if the data
is particularly noisy. To make data more suitable
for analysis, pre-treatment steps, including removing
duplicate values, choosing appropriate features, and
discretizing the data, are required. As a result of
completing pre-processing on the data, it has been
discovered that the dataset with “BMI” contains null
values; hence, it is essential to fill in missing or null
values with a suitable value. In this, the BMI NULL
values are filled with the mean of the BMI values

2) Outlier detection and elimination: Finding dataset
observations that deviate significantly from the norm
along with additional values is known as outlier
identification. The accuracy of the model is improved
by removing outliers. This study used box plots to
identify outliers. There are outliers in the age, aver-
age blood glucose, and BMI characteristics. Outliers
in these columns were eliminated.

3) One hot encoding is implemented to convert feature
categories such as married, residence type, gender,
work type, and smoking status to numerical data.
The numerical features age, avg glucose level, and
BMI are standardized using a standard scalar.

4) Data Balancing: The brain stroke dataset demon-
strates the peculiarity of having a number of sam-
ples of a specific class that are under-represented
in comparison to samples from other classes. This
“class imbalance problem” is the challenge of gain-
ing an understanding of a concept from a group that

contains a limited number of examples [35], [36]. In
this case, the SMOTE method was used to increase
equity in the dataset [19] and SMOTE ENN [20]
method. To equalize their numbers with those of the
dominant class, additional individuals of the minority
category were generated.
• SMOTE: It is a machine-learning strategy for

coping with the difficulties of processing sparse
data and enhancing the quality of the data
by generating simulated information from the
actual data. The benefit of SMOTE is that
it provides synthetic data points which are
slightly off compared to the originals rather
than duplicate data points. It interpolates be-
tween minority class samples to create new
ones. Consequently, over-fitting is prevented,
and minority-class decision boundaries expand
into majority-class space. Minority class means
tend to approach majority class means. The
amount and distribution of synthetic samples
may change the balanced data set’s mean.
SMOTE effectively increases the variability
within the minority class. Increased variability
can raise the minority class’s standard deviation
in the balanced dataset.

• SMOTE ENN: In order to apply the Edited
Nearest Neighbour approach, we must first de-
termine the K-nearest neighboring observation,
after which we must determine whether the
neighbor’s majority class corresponds to the
class of the current observation. For a problem
with two classes, the approach can be defined
as follows: for each sample Ei, the set’s three
closest neighbors are found in the training set.
Up till the issue is resolved, this process is
repeated. If Ei is a member of the majority
category and the designation that its three clos-
est neighbors have given it is in conflict with
the class that Ei was initially assigned to, then
Ei will be eliminated. In the event that Ei is
a member of a minority group and its three
immediate neighbors incorrectly categorize Ei,
then the immediate neighbors who are mem-
bers of the majority group will be eliminated.
It is clear that the age distribution of the stroke
patient population is tilted to the left. The
majority of the patients have ages ranging from
sixty to eighty-two. There are also some young
patients, including children, who are suffering
from strokes. The age range of most patients at
the hospital are male category is an age in span
of 55 to 82 years old. The majority of female
patients range in age from 48 to 82 years old.

3) Exploratory Data Analysis
Exploratory data analysis comes before creating an algo-

rithm for machine learning since it helps to spot data issues
and gives a broad overview of the entire data collection. As
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a result of our analysis, we can choose one feature from the
categorical feature classification along with a feature from
the numerical feature classification.

1) Category I (Numerical Data Analysis: Average
Glucose Level)
In the analysis of exploratory data analysis, we
observed patients having a stroke with high blood
glucose levels are more prone to get a stroke than
those whose glucose levels are within the normal
range. Data show that 11.3% of people who have
elevated increased glucose levels are at an increased
risk for stroke. For those with healthy blood sugar
levels, just 3.6% suffered a stroke. High blood sugar
levels triple a person’s risk of having a stroke. In
conclusion, those of us with high glucose levels are
more likely to have a stroke. The possibility of a
stroke be reduced in those with elevated glucose
levels by increasing their amount of physical activity
and improving their diet. But the data is imbalanced
and hence the observation states that stroke patients
with high glucose have fewer chances of stroke i.e.
11.3% as shown in Figure 1.

Figure 1. The distribution of stroke patients’ average glucose level
in the imbalanced dataset.

The need to balance the data for accurate prediction
and analysis to reduce the false prediction, SMOTE
was imposed on the imbalanced data of the average
glucose level and we observed that accuracy has been
increased to 23% as shown in the Figure 2.

Figure 2. Stroke patient’s average glucose level after balancing
dataset using SMOTE

2) Category II (Categorical Data Analysis: Hyper-
Tension and Heart Diseases)

Consequently, we can go on to the next finding in
the data set, it is estimated that 20.3% of people with
high blood pressure(hypertension)and cardiovascular
disease have had a stroke, and 70.7% are stable also
merely 3.4% of people who do not have hypertension
as well as heart disease have never suffered a stroke.
This means that the data set is unbalanced, as shown
in Figure 3, which makes accurate classification
by predictive modelling challenging. This inequity
needed to be fixed before any modelling could be
done. To improve the accuracy of predicting stroke

Figure 3. Patients’ distribution per hypertension and heart disease in
the imbalanced dataset

for a person having hypertension and heart disease,
the data is imposed with SMOTE to balance the
data, and the improved results are observed as shown
in the pie chart Figure 4, which indicates that the
patients with stroke are 46.7% which is higher than
that of imbalanced data.

Figure 4. Distribution of per hypertension for Patients and heart
disease in balanced dataset using SMOTE

To conclude, the results of the experiment applying
SMOTE on imbalanced data have given improved
results, and data was balanced with higher accuracy
of stroke prediction, to precise this result of SMOTE,
another experiment of applying SMOTE-ENN gave
more improved balanced data and higher accuracy
after applying SMOTE-ENN as shown in Figure 5,
with an accuracy of stroke prediction in a person
having hypertension and heart diseases is increased
by 16.2% as compared to the accuracy of stroke
prediction in a person having hypertension and heart
diseases by applying only SMOTE.
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Figure 5. Distribution of per hypertension for Patients and heart
disease in balanced dataset using SMOTE ENN

Thus exploratory data analysis concludes with the ob-
servation that SMOTE showed better results on numerical
data of average glucose levels in stroke persons, but the
results were improved more after applying SMOTE-ENN
on categorical data like hypertension and heart diseases.

B. Methods
1) K Nearest Neighbors (KNN)

A machine learning method called K-nearest neighbours
(KNN) is employed for regression and classification that
is both easy to implement and very effective. It works as
follows:

1) The feature vectors and labels from the training
dataset are stored by KNN.

2) When a new data point is encountered during testing,
KNN uses a distance metric like Euclidean distance
to determine how far away it is from each of the
training data points.

3) Using the determined distances, KNN chooses the
nearest neighbours, where k is a positive number
supplied by the user.

4) KNN uses a majority vote from the class labels of
its k nearest neighbours to determine what label to
give a new data point for a brain stroke.

5) The most numerous category is a proxy for its
expected label.

Mathematically, given a new data point “x”, the predic-
tion function of KNN can be defined as:

For classification:

ŷ = arg max
c

k∑
i=1

I(yi = c)

where ŷ the anticipated value, yi are target values of “k”
nearest neighbors.

2) Logistic Regression (LR)
The maximum likelihood ratio determines the statistical
significance of variables when creating the logistic regres-
sion equation. While computing the conditional likelihood

P(Y=1/X), where X= (X1, X2, X3, . . . . , XN) is a
representation of the n risk factors for brain stroke[37]. The
logistic regression model can be written in Eq.1.

log
P

1 − P
= β0 + β1X1 + β2X2 + − − − − − + βnXn . (1)

3) Support Vector Machine (SVM)
SVM works by separating data with hyperplanes and ex-
tending this to nonlinear boundaries. The performance and
efficiency of SVM depend heavily on the kernel function. To
achieve the highest performance, choosing the right kernel
type is crucial. Different kernels were used in this study,
including linear, polynomial, and Gaussian [38]. The linear,
polynomial, and Gaussian kernel equations are represented
in Eq.2, Eq.3, and Eq.4, respectively. Suppose xi, and x j
are the two variables the kernel equations are written as

Linear kernel : K(xi, x j) = xi · x j . (2)

Polynomial kernel : K(xi, x j) = (xi · x j + 1)d . (3)

Gaussian kernel : K(xi, x j) = exp(−γ || xi − x j ||
2) . (4)

Whereas d is the degree of the polynomial.

4) Decision Tree (DT)
Determination trees such as decision trees are used in

machine learning for problems involving regression and
classification [39]. It uses data to learn basic decision
criteria, which it then incorporates into a model. A decision
tree, in mathematical terms, is a function that converts a
feature vector x into a target variable y:

For stroke classification:

f (x) =


y, if leaf node is reached
fleft(x), if x satisfies the test goes left
fright(x), if x satisfies the test goes right

Decision trees learn optimal decision rules by data sepa-
rated iterative based on qualities that increase information
gain or minimize impurity. They are interpretable, handle
categorical and numerical features, and capture non-linear
relationships.

5) Random Forest (RF)
A sort of ensemble machine learning system, the Ran-

dom Forest method creates predictions by aggregating the
results of numerous decision trees [40]. A Random Forest
is a form of artificial neural network that builds several
decision trees using the bootstrap aggregating (as well as
bagging) technique. Both the training data and the input
characteristics are randomly chosen for each tree as they
are used to educate them. The ultimate prediction is arrived
at by adding up all of the individual predictions provided
by the trees. The prediction of a Random Forest for stroke
classification can be represented as:

https:// journal.uob.edu.bh/

https://journal.uob.edu.bh/


Int. J. Com. Dig. Sys. 14, No.1, 1807-1821 (Jun-24) 1813

f (x) =
1
T

T∑
t=1

ft(x)

where ft(x) provides the prediction of the tth decision tree,
x is the input feature vector, and T is the total number of
decision trees in the Random Forest.

Random Forests reduce overfitting, handle high-
dimensional data, and capture complex relationships. How-
ever, they can be computationally expensive and require
hyperparameter tuning.

6) EXtreme gradient boosting tree (XGB)
XGBoost stands for An application of gradient-boosted
decision-making trees is extreme gradient boosting. This
algorithm is a popular ML algorithm, and it is widely used
for supervised learning tasks such as regression, classifica-
tion, and ranking. This is intended to push the limits of the
calculation to the furthest reaches of machines based on the
standards of the gradient boosting system. Decision trees are
generated sequentially in this algorithm [41]. The HyperOpt
technique is used to perform hyperparameter tuning for the
XGB Classifier in our study. The general tree ensemble
model in this algorithm is denoted in Eq.5

bi = ϕ(ai) =
s∑

s=1

ms(ai),msϵM . (5)

7) Stacking
Stacking is a type of ensemble technique that makes

predictions by combining the results of numerous models.
It involves training base models, generating predictions,
creating meta-features, training a meta-model, and making
final predictions. The ensemble prediction is represented
mathematically as:

P(x) = g(h1(x),h2(x), . . . ,hn(x))

where P(x) is the final prediction, x is the input feature
vector, hi(x) represents the prediction of the ith base model,
and g(·) is the meta-model that combines the base model
predictions.

Stacking improves prediction accuracy by leveraging the
strengths of different models. It requires careful selection
and tuning to avoid overfitting and can handle complex
relationships in the data.

8) Artificial Neural Network (ANN)
ANNs are a form of computational model that mimics

some of the physical traits of the human brain and is
based on current neurobiological research. An ANN uses
training and learning techniques to calculate the discrep-
ancy between each neuron’s actual and predicted output.
Each connection’s weight is adjusted from the output layer
through the hidden layer, followed by finally to the input
layer to reduce error[42]. In this way, input pattern recog-
nition increases in accuracy, which can be used to predict

its probability. Following is the architecture in Table I used
for ANN in this paper:

“

TABLE I. Neural Network Architecture of proposed stroke model

Layer (type) Output Shape Param #
dense 7 (Dense) (None, 16) 320
dense 8 (Dense) (None, 32) 544
dropout 5 (Dropout) (None, 32) 0
batch normalization 5 (None, 32) 128
dense 9 (Dense) (None, 64) 2112
dropout 6 (Dropout) (None, 64) 0
batch normalization 6 (None, 64) 256
dense 10 (Dense) (None, 64) 4160
dropout 7 (Dropout) (None, 64) 0
batch normalization 7 (None, 64) 256
dense 11 (Dense) (None, 64) 4160
dropout 8 (Dropout) (None, 64) 0
batch normalization 8 (None, 64) 256
dense 12 (Dense) (None, 64) 4160
dropout 9 (Dropout) (None, 64) 0
batch normalization 9 (None, 64) 256
dense 13 (Dense) (None, 1) 65

Total params 16,673
Trainable params 16,097
Non-trainable params 576

” Parameters: Learning Rate = 0.001, activation func-
tion= Relu, Loss Function = binary crossentropy, Opti-
mizer = Adam, Epochs = 100

4. Proposed brain stroke survival prediction model with
Hyper-parameter tuning
The proposed approach includes stages to process a

dataset, balance the dataset, and apply machine learning
methods, and deep learning techniques: ann batch normal-
ization. This is as shown in Figure 6. The model perfor-
mance is assessed with the help of execution as follows:
Data setup is the first step. Then data is preprocessed
to update missing values, and remove outliers, then all
the features are converted to numerical data using one-
hot encoding. The given imbalanced data is balanced using
SMOTE and SMOTE ENN techniques explained as follows:
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Algorithm 1: SMOTE Algorithm
Input : Dataset D with minority class
Output: Balanced dataset D′

while balance not achieved do
Select a random sample x from the
minority class in D
Find “K nearest neighbors”
of x based on distance metric
foreach neighbor n in K do

1) Calculate vector v between x and n
2) Create random number r between {0, 1}
3) Multiply vector v by r to obtain

new vector v′
4) Add v′ to x to create synthetic sample s
5) Add s to the balanced dataset D′

end
end

Algorithm 2: SMOTE-ENN Algorithm
Input : “Imbalanced dataset D”
Output: “
”Balanced dataset D′

1) Determine K as the number of nearest
neighbours (if not determined, set K = 3)

2) repeat
Find the K-nearest neighbor(s) for each
observation in D based on distance
metric;
foreach observation x in D do

Find the majority class from the
“K-nearest neighbors of x”;
if class of x and majority class
differ then

Remove x and its K-nearest
neighbor(s) from D;

end
end

until desired class proportion fulfilled;
3) Apply SMOTE to the remaining minority

class samples in D;
Create a balanced dataset D′ by combining
the SMOTE-generated synthetic samples
and the remaining minority class samples

The ML models KNN, LR, SVM, and DT models
with hyperparameter tuning are trained on both SMOTE-
Balanced and SMOTE ENN-Balanced datasets. A neural
network is trained where higher training and less overfitting
are achieved by using batch normalisation and dropout
techniques. Early stopping is used to avoid overfitting and

determine the optimum number of epochs. Use measures
like accuracy, precision, recall, and F1-score to assess how
well each algorithm performs on the testing dataset. The
overall efficiency of the model random forest, XG boosting,
and stacking techniques are used.

Figure 6. Workflow of Proposed Model

The dataset is subjected to a preprocessing step that uses
SMOTE-ENN to address the class imbalance and lower the
overall noise level. After the dataset has been preprocessed,
it is utilised to train four different types of base learners:
DT, LR, RF, and KNN. Following the training of the base
learners, the predictions generated by each are stacked and
integrated using a Support Vector Machine (SVM) in the
role of the meta-learner. The enhanced stacking strategy
aims to increase predictive performance and effectively
address imbalanced categorization issues. This is shown in
algorithm 3 and Figure 7.
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Algorithm 3: Proposed Stacking Model of
SMOTE-ENN

Data: Training data with labels, Test data
Result: Ensemble stacking predictions on the test

set
1) Split the training data into 80% training set and

20% meta training set;
2) Train base learners LR, KNN, DT, RF on the

training set;
3) foreach base learner do

Make predictions on the test set to get
predictionstest using the trained model;

end
4) Create a new dataset called meta training set with n

rows and 4 columns;
5) foreach data point in the training set do

meta row← concatenate predictionsLR,
predictionsKNN, predictionsDT, predictionsRF,
and the true label;
Add meta row to the meta training set;

end
6) Train the SVM meta learner on the meta training

set;
foreach base learner do

Make predictions on the test set to get
predictionsbase using the trained model;

end
7) Create a new dataset called meta test set with m

rows and 4 columns;
8) foreach data point in the test set do

meta row← concatenate predictionsLR,
predictionsKNN, predictionsDT, predictionsRF;
Add meta row to the meta test set;

end
9) Make final predictions on the meta-test set using

the trained SVM meta learner;

Figure 7. Workflow of Proposed Model

5. Experimentation, Performance metrics, and Results
The following section provides information about the

experimental setup required, different metrics used to eval-
uate the performance, and the results of the models.

A. Experimental Setup
In the experimental setup section, the ML model’s

performance is evaluated using Python and Google Collabo-
ratory [43] environment also referred to as ”Google Colab”.
It is a research initiative aimed at prototyping machine
learning models on powerful hardware alternatives such as
GPUs. It offers an environment for interactive development
based on Jupyter Notebooks that do not require a server.
Similar to the other tools in the G Suite, using Google Colab
is completely free. It offers models for data preparation,
categorization, segmentation, predictions, and visualization.
Experiments were conducted on a computer with the follow-
ing features: Intel(R) Core(TM) i5-8250U CPU @ 1.60GHz
1.80 GHz 16 GB Memory, 64-bit operating system, x64-
based processor.

B. Performance Metrics
Several measures are used to evaluate the model’s accu-

racy, and most of these are defined entirely by the confusion
matrix values. Throughout the process of evaluating the
Machine Learning models that were taken into consid-
eration, numerous performance measures were obtained.
In this analysis, we will focus on the terminology that
is most frequently found in the pertinent research [44].
The phrase ”recall,” which also goes by the names ”true
positive rate” and ”sensitivity,” refers to the percentage of
patients who had sepsis and were correctly identified as
having the condition. A True Positive (TP) result indicates
that there is value in both the actual class and the class
that was predicted. The potential for positive value was
accurately foreseen. True Negatives, also abbreviated as TN,
are shorthand for real-class projected negative values. When
the desired class and the observed class are different, this
can lead to both false positives and false negatives. The
term ”false positive” (FP) refers to a situation in which the
projected class is accurate, but the actual class is inaccurate.
The occurrence of a false negative (FN) takes place when
the actual class does not match the expected class.

Accuracy: is the number of correct predictions from the
total positive and negative classes. The formula for accuracy
is represented in Eq.6.

Accuracy =
(T P + T N)

(T P + T N + FP + FN)
∗ 100 . (6)

Precision: indicates out of all the positive predicted classes
how many are actually positive. The formula for precision
is represented in Eq.7.

Precision =
T P

T P + FP
∗ 100 . (7)

Recall: represents the ratio of correctly predicted positive
observations to all observations in the actual class. The
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formula for recall is represented in Eq.8.

Recall =
T P

T P + FN
∗ 100 . (8)

F1-score: is calculated by using precision and recall. These
metrics can be represented by using the following formula
in Eq.9.

F1 − S core = 2 ∗
(Precision ∗ Recall)
(Precision + Recall)

. (9)

C. Results
In the proposed model, the results of the balanced

dataset using SMOTE and SMOTE ENN are shown in
Table II and Figure 8. When the data is normalized using
SMOTE and SMOTE ENN, it has been discovered that
SMOTE ENN performs better in terms of accuracy. In
conclusion, the stacking technique continues to be the
method with the best performance and is the primary
recommendation that emerges from our research.

Figure 8. Comparison of Accuracy of the proposed model using
SMOTE and SMOTE ENN

6. Result Analysis and Discussion
The conclusions of the current research project are

contrasted with those of a previously published study in
[15] and [17] and used the same dataset [18]. All of the sug-
gested models used SMOTE and SMOTE ENN techniques
for data balancing. The models that used SMOTE ENN
substantially outperform their performance, as measured by
F-measure, precision, recall, and accuracy. In summary, the
stacking technique continues to be the method with the
best performance and is the primary recommendation that
emerges from our research.

The Table III and Figure 9, shows the comparison of
proposed SMOTE ENN models with Sailasya, Gangavarapu
et.al.[15] Elias Dritsas et.al.[17]. Based on the accuracy
scores in the Table III, it has been observed that the pro-
posed model achieved an accuracy score of 0.98 for KNN,
SVM, and RF, which is higher than the existing models by
[15], [17]. However, the proposed model achieved accuracy
for ANN as 97% and Stacking as 99% which is 5% and
1% higher than the existing model by Elias Dritsas et. al.
[17].

Figure 9. Comparison of SMOTE ENN model’s accuracy with
existing models

Figure 10. Comparison of SMOTE ENN model’s Precision with
existing models

As shown in Table IV and Figure 10, KNN, LR, SVM,
DT, and RF models have shown a significant average
increase of 18.6% as compared with the existing model [15].
On the other hand, the KNN, LR, DT, RF, XGBoost, and
stacking models have shown a significant average increase
of 5.14% as compared with the existing model [17]. This
indicates that the model has identified true positives more
accurately when the dataset is balanced using SMOTE ENN
technique.
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TABLE II. Machine Learning Models Accuracy Evaluation Using SMOTE and SMOTE ENN for Stroke Survival Prediction

Model SMOTE SMOTE ENN
KNN 0.9178 0.9781
LR 0.8624 0.8997

SVM 0.9265 0.9756
DT 0.8756 0.9331
RF 0.9457 0.9817
XG 0.8821 0.9125

ANN 0.9376 0.9705
Stacking 0.9539 0.9884

TABLE III. Comparison of SMOTE ENN Model’s Accuracy with Existing Models

Model Sailasya, Gangavarapu [15] Elias Dritsas [17] et al. Proposed Model
KNN 0.8 0.81 0.98
LR 0.78 0.79 0.90

SVM 0.8 Not implemented 0.98
DT 0.66 0.91 0.93
RF 0.73 0.97 0.98
XG Not implemented Not implemented 0.91

ANN Not implemented 0.92 0.97
Stacking Not implemented 0.98 0.99

TABLE IV. Comparison of SMOTE ENN Model’s Precision with Existing Models

Model Sailasya, Gangavarapu [15] Elias Dritsas et al. [17] Proposed Model
KNN 0.77 0.92 0.98
LR 0.78 0.79 0.90

SVM 0.79 Not implemented 0.98
DT 0.78 0.91 0.94
RF 0.72 0.97 0.98
XG Not implemented 0.79 0.92

Stacking Not implemented 0.97 0.99

Figure 11. Comparison of SMOTE ENN model’s Recall with exist-
ing models

Moreover, comparing Table V and Figure 11, it is
observed that the effect of the SMOTE-ENN technique
on recall is also varied across different machine learning
models. As per the observation, the KNN and SVM models

have shown a significant increase of 14%. Similarly, LR,
DT, and RF have shown increased recall of 12%, 18%, and
24% as compared with [15]. Moreover, the average increase
of 5.16% is observed as compared to [17] for KNN, LR, DT,
RF, XGBoost, and stacking. Because of this, the frequency
of erroneous negative predictions in the model for predicting
strokes was reduced, and a significant number of individuals
with a higher likelihood of having a stroke were accurately
recognized.
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TABLE V. Comparison of SMOTE ENN Model’s Recall with Existing Models

Model Sailasya, Gangavarapu [15] Elias Dritsas et al. [17] Proposed Model
KNN 0.84 0.92 0.98
LR 0.78 0.79 0.90

SVM 0.84 Not implemented 0.98
DT 0.78 0.91 0.93
RF 0.74 0.97 0.98
XG Not implemented 0.82 0.91

Stacking Not implemented 0.97 0.99

TABLE VI. Comparison of SMOTE ENN Model’s F1-Score with Existing Models

Model Sailasya, Gangavarapu Elias Dritsas et al. Proposed Model
KNN 0.804 0.915 0.98
LR 0.776 0.791 0.90

SVM 0.818 Not implemented 0.98
DT 0.776 0.909 0.93
RF 0.727 0.966 0.98
XG Not implemented 0.881 0.91

Stacking Not implemented 0.974 0.99

Figure 12. Comparison of SMOTE ENN model’s F1-Score with
existing models

The overall performance of a machine learning model by
taking into account both false positives and false negatives.
In the Table VI and Figure 12, it was observed that the
effect of the SMOTE-ENN technique on the F1 score varies
across different machine learning models. has The proposed
model have shown a significant increase of 17.4% in the
F1-score measure for KNN, LR, SVM, DT, and RF as
compared with Sailasya 2021-analysis. Moreover, models
KNN, LR, DT, RF, XGBoost, and stacking have shown a
4.16% increase in the F1-score measure as compared with
Dritsas 2022 stroke. This suggests that the model is already
good at identifying both true positives and true negatives in
the original dataset. There is the field of forecasting strokes,
a high F1-score suggests that the model correctly identifies a
greater part of patients who have a chance to suffer a stroke,
while avoiding false positive results. The use of a freely

accessible dataset is a limitation of this proposed work. In
contrast to statistics from a hospital or institute, these are
limited in scope and form. The latter may provide more
informative data models with more features that capture a
comprehensive health profile for the participants, however,
due to privacy concerns, accessing this data is frequently
time-consuming and challenging.

7. Conclusions
To reduce the risk of unanticipated issues, a stroke

must be averted as a possible threat to human life. Clinical
providers, medical experts, and decision-makers can now
take advantage of the established models to find the most
relevant has (or, as an alternative, risk factors) for the possi-
bility of a stroke and to assess the chance or risk related to
this occurrence as a consequence of the fast advancement of
AI and ML. However, due to the intricacy of the issue, it is
very challenging to develop methods for the prediction with
the detection of stroke, which relies on machine learning
as well as information mining. In this regard, machine
learning can aid in the early diagnosis of stroke and assist
in reducing its severe aftereffects. Numerous variables may
have an impact on the outcomes produced by the learning
systems in use today. Class imbalance, where examples
from one class considerably exceed instances from another
class in the training information, has been connected to
one of these causes. The problem of the class imbalance
within the Kaggle dataset was addressed in this paper by
doing a thorough experimental evaluation utilizing SMOTE
and SMOTE ENN. The recall and precision (F1-Score) and
accuracy metrics used in the performance assessment of
the classifiers are fundamentally appropriate for interpreting
the results of the models and show the models’ capacity
to categorize data. It has been found that the accuracy
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of various machine learning models is affected differently
by the SMOTE as well as SMOTE-ENN approaches. The
accuracy of the KNN model significantly increases from 0.8
to 0.9781. Similarly, the DT model exhibits a notable im-
provement in accuracy from 0.66 to 0.9331. The prediction
accuracy of LR, on the other hand, is mostly unaffected by
the SMOTE and SMOTE-ENN methods, indicating that the
model is already effective at predicting the right class in the
initial dataset. The SVM model also shows consistently high
accuracy even without using the SMOTE-ENN SMOTE-
technique, with an accuracy of 0.9265, also using SMOTE-
ENN achieved a proposed model has achieved an accuracy
of 97% with the SVM classifier. The RF model shows
a moderate increase in accuracy using SMOTE, while it
has been increased using SMOTE-ENN to 98.17%. The
newly applied XGBoost model has shown an accuracy of
88% with SMOTE and 91.25% with the SMOTE-ENN
technique. This suggests that the model has become better at
predicting the correct class after balancing the dataset. The
ANN and stacking models also show significant increases
in accuracy with the use of SMOTE and SMOTE-ENN
techniques, indicating that both models benefit from dataset
balancing. Additionally, they show the models’ accuracy
and their potential for prediction in relation to the type
of stroke. SMOTE ENN stacking classification performs
better than the alternative methods, with a precision of
99%, recall of 99%, F1 measure of 99%, and accuracy of
99.01%. In order to identify the most precise method to
estimate stroke based on various variables that reflect the
participants’ profiles, this study examines the effectiveness
of various ML algorithms. This study specifically examines
how effectively these algorithms can forecast strokes.

Limitations of the proposed work include Data Quality:
Reliance on the Kaggle dataset may limit generalizability
due to potential biases and missing values; Real-Time Test-
ing: Models were not tested in real-time clinical settings,
so their practical effectiveness remains unverified; Feature
Selection: Lack of extensive feature selection could dilute
model effectiveness by including irrelevant features.

The application of deep learning strategies will be the
focus of the next phase of this research project, which
aims to improve the ML framework. The last step will
involve gathering image data from brain CT scans and
evaluating deep learning models’ propensity to forecast the
development of strokes. It is challenging but potentially
advantageous to forecast strokes with precise accuracy.
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[19] S. Maldonado, J. López, and C. Vairetti, “An alternative smote
oversampling strategy for high-dimensional datasets,” Applied Soft
Computing, vol. 76, pp. 380–389, 2019.

[20] G. E. Batista, R. C. Prati, and M. C. Monard, “A study of the
behavior of several methods for balancing machine learning training
data,” ACM SIGKDD explorations newsletter, vol. 6, no. 1, pp. 20–
29, 2004.

[21] S.-F. Sung, L.-C. Hung, and Y.-H. Hu, “Developing a stroke
alert trigger for clinical decision support at emergency triage
using machine learning,” International Journal of Medical
Informatics, vol. 152, p. 104505, 2021. [Online]. Available: https:
//www.sciencedirect.com/science/article/pii/S1386505621001313

[22] K. Mridha, S. Ghimire, J. Shin, A. Aran, M. M. Uddin, and M. F.
Mridha, “Automated stroke prediction using machine learning: An
explainable and exploratory study with a web application for early
intervention,” IEEE Access, vol. 11, pp. 52 288–52 308, 2023.

[23] H. K. Singhai, P. K. Shukla, and V. S. Dhaka, “An experimental
analysis of brain stroke prediction using machine learning algo-
rithms,” in 2024 IEEE International Conference on Interdisciplinary
Approaches in Technology and Management for Social Innovation
(IATMSI), vol. 2, 2024, pp. 1–6.

[24] M. Al Duhayyim, S. Abbas, A. Al Hejaili, N. Kryvinska, A. Al-
madhor, and U. G. Mohammad, “An ensemble machine learning
technique for stroke prognosis.” Computer Systems Science & En-
gineering, vol. 47, no. 1, 2023.

[25] I. G. Ivanov, Y. Kumchev, and V. J. Hooper, “An optimization pre-
cise model of stroke data to improve stroke prediction,” Algorithms,
vol. 16, no. 9, p. 417, 2023.

[26] K. M. Rexrode, T. E. Madsen, A. Y. Yu, C. Carcel, J. H. Lichtman,
and E. C. Miller, “The impact of sex and gender on stroke,”
Circulation research, vol. 130, no. 4, pp. 512–528, 2022.

[27] Y. Turana, J. Tengkawan, Y. C. Chia, M. Nathaniel, J.-G. Wang,
A. Sukonthasarn, C.-H. Chen, H. V. Minh, P. Buranakitjaroen,
J. Shin et al., “Hypertension and stroke in asia: A comprehensive
review from hope asia,” The Journal of Clinical Hypertension,
vol. 23, no. 3, pp. 513–521, 2021.

[28] C. W. Tsao, A. W. Aday, Z. I. Almarzooq, C. A. Anderson, P. Arora,
C. L. Avery, C. M. Baker-Smith, A. Z. Beaton, A. K. Boehme, A. E.
Buxton et al., “Heart disease and stroke statistics—2023 update: a
report from the american heart association,” Circulation, vol. 147,
no. 8, pp. e93–e621, 2023.

[29] K. Andersen and T. Olsen, “Stroke case-fatality and marital status,”
Acta Neurologica Scandinavica, vol. 138, no. 4, pp. 377–383, 2018.

[30] J. Addo, L. Ayerbe, K. M. Mohan, S. Crichton, A. Sheldenkar,
R. Chen, C. D. Wolfe, and C. McKevitt, “Socioeconomic status and
stroke: an updated review,” Stroke, vol. 43, no. 4, pp. 1186–1191,
2012.

[31] G. Howard, “Rural-urban differences in stroke risk,” Preventive
Medicine, vol. 152, p. 106661, 2021.

[32] L. Zhao, S. Xiu, L. Sun, Z. Mu, and J. Fu, “A study of the
relationship between blood glucose and serum insulin in acute
cerebrovascular disease,” Evidence-Based Complementary and Al-
ternative Medicine, vol. 2022, 2022.

[33] S. Elsayed and M. Othman, “The effect of body mass index (bmi)
on the mortality among patients with stroke,” Eur. J. Mol. Clin. Med,
vol. 8, pp. 181–187, 2021.

[34] B. Pan, X. Jin, L. Jun, S. Qiu, Q. Zheng, and M. Pan, “The rela-
tionship between smoking and stroke: a meta-analysis,” Medicine,
vol. 98, no. 12, 2019.

[35] G. Lemaı̂tre, F. Nogueira, and C. K. Aridas, “Imbalanced-learn: A
python toolbox to tackle the curse of imbalanced datasets in machine
learning,” The Journal of Machine Learning Research, vol. 18, no. 1,
pp. 559–563, 2017.

[36] D. L. Wilson, “Asymptotic properties of nearest neighbor rules using
edited data,” IEEE Transactions on Systems, Man, and Cybernetics,
no. 3, pp. 408–421, 1972.

[37] S. Nusinovici, Y. C. Tham, M. Y. C. Yan, D. S. W. Ting, J. Li,
C. Sabanayagam, T. Y. Wong, and C.-Y. Cheng, “Logistic regression
was as good as machine learning for predicting major chronic
diseases,” Journal of clinical epidemiology, vol. 122, pp. 56–69,
2020.

[38] W. S. Noble, “What is a support vector machine?” Nature biotech-
nology, vol. 24, no. 12, pp. 1565–1567, 2006.

[39] M. B. Al Snousy, H. M. El-Deeb, K. Badran, and I. A. Al Khlil,
“Suite of decision tree-based classification algorithms on cancer
gene expression data,” Egyptian Informatics Journal, vol. 12, no. 2,
pp. 73–82, 2011.

[40] Y. Qi, “Random forest for bioinformatics,” Ensemble machine
learning: Methods and applications, pp. 307–323, 2012.

[41] T. Chen, T. He, M. Benesty, V. Khotilovich, Y. Tang, H. Cho,
K. Chen, R. Mitchell, I. Cano, T. Zhou et al., “Xgboost: extreme
gradient boosting,” R package version 0.4-2, vol. 1, no. 4, pp. 1–4,
2015.

https:// journal.uob.edu.bh/

https://www.kaggle.com/datasets/fedesoriano/stroke-prediction-dataset
https://www.kaggle.com/datasets/fedesoriano/stroke-prediction-dataset
https://www.sciencedirect.com/science/article/pii/S1386505621001313
https://www.sciencedirect.com/science/article/pii/S1386505621001313
https://journal.uob.edu.bh/


Int. J. Com. Dig. Sys. 14, No.1, 1807-1821 (Jun-24) 1821

[42] A. K. Jain, J. Mao, and K. M. Mohiuddin, “Artificial neural
networks: A tutorial,” Computer, vol. 29, no. 3, pp. 31–44, 1996.

[43] E. Bisong et al., Building machine learning and deep learning
models on Google cloud platform. Springer, 2019.

[44] M. Hossin and M. N. Sulaiman, “A review on evaluation metrics for
data classification evaluations,” International journal of data mining
& knowledge management process, vol. 5, no. 2, p. 1, 2015.

Snehal B Shinde Dr. Snehal B. Shinde
is a distinguished academic with a Ph.D.
in Computer Science and Engineering from
VNIT, Nagpur, focusing on Systems Biol-
ogy. He has taught at notable institutions
such as Vishwakarma University and Vel-
lore Institute of Technology. His research
spans machine learning and deep learning
in healthcare, with numerous publications
in esteemed journals and conferences. Dr.

Shinde is also a co-inventor of a patented system for ECG
classification using deep learning. A Currently, she is working
as an Assistant Professor at IIIT Nagpur.

Monali Gulhane is recipient of young re-
searcher award in 2021 by INSC, she has
been merit holder in academics and re-
ceived M.Tech in Computer Science En-
gineering from G. H. Raisoni College of
Engineering and Technology for Women’s
(G.R.C.E.T.W), Nagpur, Maharashtra, in
2012-2014. She is currently pursuing PhD
degree in Artificial Intelligence and Machine
Learning from Koneru Lakshmaiah Educa-

tion Foundation, Vaddeswaram, Guntur.

Manish P Kurhekar Dr. Manish P.
Kurhekar is the Head of the Department
of Computer Science and Engineering at
Visvesvaraya National Institute of Technol-
ogy (VNIT), Nagpur. With over 25 years
of combined experience in academia and
industry, he has held positions at IBM In-
dia Research Lab, Texas Instruments, and
Persistent Systems. Dr. Kurhekar has an ex-
tensive research portfolio, including eleven

journal publications, eighteen conference papers, and three patents.
His research interests encompass Theoretical Computer Science,
Systems Biology, Bioinformatics, and Machine Learning. He has
also led several consultancy and sponsored projects.

Tausif Diwan Dr. Tausif Diwan received
his M.Tech. in Computer Science and Ph.D.
in Parallel Computing from Department of
Computer Science and Engineering, Visves-
varaya National Institute of Technology,
Nagpur, India in 2011 and 2017 respectively.
Since July 2019, he has been associated
with the Department of Computer Science
and Engineering, Indian Institute of Infor-
mation Technology, Nagpur as an Assistant

Professor and currently working as head of the department. His
research areas include parallel computing, machine learning, and
deep learning. He has published several research papers in various
international conferences and reputed journals. An Australian
Patent titled “An IoT-based Smart Food-Cold Chain Transportation
System” is also granted to his account. He has associations and
collaborations with several industries. He is NVidia certified DLI
instructor for the “Foundation of deep learning” and “Building
Transformer-Based Natural Language Processing Applications”
courses and he secured “Platinum” award as a DLI Instructor from
Nvidia in the year 2022.

Nileshchandra Pikle Dr Nileshchandra
Pikle is a distinguished figure in the field of
computer science, renowned for his exper-
tise inDeep learning and GPU computing.
Holding a PhD in Computer Science and
Engineering, Dr. Pikle specializes in GPU
programming, with a particular focus on
the parallelization of Finite Element Method
(FEM) on CUDA-enabled GPUs, a subject
on which he has published papers

https:// journal.uob.edu.bh/

https://journal.uob.edu.bh/

	INTRODUCTION
	Literature Review
	Materials and Methods
	Materials
	Dataset
	Data Pre-processing 
	Exploratory Data Analysis

	Methods
	K Nearest Neighbors (KNN)
	Logistic Regression (LR)
	Support Vector Machine (SVM)
	Decision Tree (DT)
	Random Forest (RF)
	EXtreme gradient boosting tree (XGB)
	Stacking
	Artificial Neural Network (ANN)


	Proposed brain stroke survival prediction model with Hyper-parameter tuning
	Experimentation, Performance metrics, and Results 
	Experimental Setup
	Performance Metrics
	Results

	Result Analysis and Discussion
	Conclusions
	Declarations
	References
	Biographies
	Snehal B Shinde
	Monali Gulhane
	Manish P Kurhekar
	Tausif Diwan
	Nileshchandra Pikle


