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Abstract— In today's fast-paced world, strokes are one of the five most serious
health threats in terms of annual deaths and long-term disabilities. Early diagnosis
and treatment of the disease plays a vital role in decreasing mortality rate and
improving patient’s wellbeing by preventing permanent damage to the brain.
Developing computational methods using machine learning and deep learning
models helps in accurately predicting chances of stroke and enhancing early
detection. Several studies have explored the application of Al on publicly available
datasets; however, a major drawback is the imbalance in the dataset, where
minority class instances are significantly lower than the majority class. This study
introduces a novel approach to overcoming this limitation by employing SMOTE
and imputation to improve model accuracy. It evaluates six machine learning and
deep learning models for the early prediction of stroke. The dataset used in this
study is a publicly available imbalanced one containing information like population
characteristics, health history and lifestyle habit. The data used was preprocessed
and then split into train data and test data for training the Machine Learning models
- RandomForest, XGBoost, and Stack Ensembles, and Deep Learning models such
as Multilayer Perceptron, Long Short-Term Memory, and TabNet. The performance
was analyzed and compared using various performance metrics like accuracy,
precision, recall, F1-score, ROC Curve etc. with accuracy having the highest
preference. Among the machine learning models, Stack Ensembles is the most
accurate one, having an accuracy of 96.2%, whereas MLP outperformed the other
deep learning models, with an accuracy of 97.12%. Although the dataset was
imbalanced, the achieved accuracy surpassed that of existing studies, making this a
novel finding. This research highlights the crucial role of imputation and the
Synthetic Minority Over-sampling Technique (SMOTE) in improving model
accuracy for stroke prediction.

Index Terms— Stroke Prediction, Machine Learning, Deep Learning, SMOTE
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I. NTRODUCTION

Stroke, a neurological disorder, is caused due to the
shortage in the supply of blood to the brain caused by
blockages and is one of the most prominent reasons for
death worldwide. Namely, there are 2 types of strokes -
Ischemic stroke and Haemorrhagic stroke. An ischemic
stroke occurs when the circulation of blood to the brain is
reduced or blocked which causes the brain tissue to get
insufficient oxygen and nutrients leading to the death of the

tissues in minutes. Ischemic stroke reports about 87% of
all strokes making it a major area of focus. A Haemorrhagic
stroke happens when a blood vessel in the brain bursts,
leading to bleeding in the brain. The leaked blood builds up,
putting pressure on the brain cells, causing damage.

The urgent need for early prediction of stroke is
underscored by the World Health Organization (WHO,
2023), which reports that 11.6% of deaths globally are caused
by stroke. Additionally, 5 million stroke survivors live with
long-term disabilities, with 15 million new cases reported
annually [7][6]. Studies show that patients who have already
suffered from stroke have higher or possible chances of
repeated strokes than those patients who never had it [25].
One piece of the survey reveals that about 30% of stroke
patients may suffer from another stroke within a time span of
five years. This is because vulnerability is increased by tissue
and blood vessel damage, and risk factors including heart
disease, diabetes, and hypertension continue even after a
stroke.

Early detection[30] and accurate risk assessment are two
very important factors for timely interventions yet early
diagnosis and prediction of stroke still remains as a challenge
due to factors such as class imbalance, missing and noisy
data, feature complexity and model generalizability. Existing
researches include studying various machine learning [8] and
deep learning models in this area of study yet they fail in

bringing higher accuracy rates because of the above
mentioned limitations. To address these challenges, this study
integrates Synthetic Minority Oversampling
Techniques(SMOTE) to address the issue of class imbalance
and improve stroke detection sensitivity while mean
imputation is used to handle missing values. Machine
Learning algorithms like Random Forest, XGBoost, Stack
Ensemble, and Deep Learning Algorithms like MLP, LSTM
and TabNet are used to train a predictive model on a publicly
available imbalanced dataset containing key patient
information, including hypertension, BMI, heart disease,
average glucose level, smoking status, history of stroke, and
age.

Il. RELATED WORKS

The existing work in literature has explored different methods
involved in predicting a stroke [3]. [7] Article also covers ML
techniques for diagnosis of stroke and prediction of outcome.
The paper aim in analyzing the risk factors for stroke
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prediction[12] by examining data from patients' Electronic
Health Records (EHR). This will help identify the most
critical factors for accurately predicting strokes. A case study
conducted by Soumyabrata Dev provides valuable insights
into these risk factors, building on previous work by Biswas
et al. (2022) and Dritsas & Trigka (2022). Using a machine
learning approach, we seek to enhance our understanding of
stroke prediction. Example- Olamilekan Shobayao[5], the
data of 5100 patients with stroke factors like hypertension,
age, heart disease was collected to predict the stroke disease
based on classification models like Logistic Regression,
Decision Tree and Random Forest. The result of their
experiment established that out of all classification models
used to predict stroke, Random Forest yielded the highest
accuracy. The study done by Yangiu Ge[4][26] compares
performance of Recurrent Neural Network (RNN) and Multi
Layer Perceptron (MLP) in stroke prediction (Biswas et al.,
2022; Dritsas & Trigka, 2022). Data of 13,930 patients were
collected for the study. The MLP had three layers, and all
layers except the input layer used a nonlinear activation
function. Results showed that RNN performed better than
MLP in predicting stroke for patients.
Despite the advancements in stroke prediction using ML and
DL models, existing studies suffer from class imbalance
leading to poor sensitivity in identifying high-risk patients
and lack a systematic way of evaluating the data
preprocessing techniques like imputation and feature-
selection. A study by Yagin et al. [31] explored the impact of
handling class imbalance in stroke using SMOTE. Their work
demonstrated that applying SMOTE to an imbalanced dataset
improved their classification accuracy to 88.58% and reduced
bias in model prediction. Using a Gradient Boosting Tree
Classifier, they showed that SMOTE improved the sensitivity
and specificity leading to more reliable stroke predictions. A
recent study by Abiodun and Wreford[32] further explored
the impact of SMOTE in stroke prediction by employing
XGBoost and KNN in a stacked ensemble approach. Their
result showed that applying SMOTE to balance the dataset
improved model performance. The stacked model combining
XGBoost and KNN achieved an accuracy of 97%. By
tackling these research gaps, this study presents a robust and
accurate result that aids in early diagnosis of stroke.

1. METHODOLOGIES

3.1 Data preprocessing and Label Encoding

The dataset used in this study was created by McKinsey
and Company and obtained through Kaggle [1]. It consists of
medical records from 5,110 individuals, aiming to predict
stroke occurrence based on 12 key factors, including gender,
age, hypertension, heart disease, marital status, work type,
residence type, glucose levels, BMI, and smoking history.
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Models

v

lAccuracy Assessment
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The raw dataset initially contained 4,861 non-stroke cases
and 249 stroke cases before applying any balancing
techniques.

Preprocessing plays a crucial role in ensuring high-quality
predictions, as missing values or noisy data can significantly
impact model performance. To refine the dataset, we first
performed data cleaning, which included removing
duplicates, selecting relevant features, and categorizing data.
Since the dataset contained categorical attributes such as
gender, ever_married, residence type, glucose level category,
and smoking status, these were transformed into numerical
values using label encoding to facilitate effective model
training and evaluation.

Additionally, we normalized the numerical features to
scale their values between 0 and 1, followed by
standardization to ensure a mean of 0 and a standard deviation
of 1—a crucial step for maintaining consistency across
different feature distributions [2]. The ‘id> column was
dropped as it held no predictive significance, and missing
values in the ‘bmi’ feature were imputed using the mean
value to maintain data integrity. Figure 3.1 illustrates the
overall flow of our preprocessing methodology.

A |

Data Cleaning |

Handle Imbalanced Data |

Handle Missing Values l

Remove Redundant Columns

Minority Class

Impute BMI
Using Mean

Label Encoding

| ‘Standardization |

Figure 3.1 Data Preprocessing flowchart

3.2 Imbalanced data handling

In the proposed framework we have used SMOTE-
Synthetic Minority Oversampling Technique to correct the
imbalanced distribution among individuals in the target
component ‘stroke’ which is the minority class. This target
component was oversampled so as to have equal distribution
of classes (Figure 3.2).
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Figure 3.2 Class distribution after SMOTE

3.3 Hyperparameter tuning

Hyperparameter tuning is used to accelerate the
performance and minimize errors of ML models.
RandomizedSearchCV has been used along with cross-
validation. In this way all combinations are checked and the
values are passed in the dictionary and evaluated on the
model for all combinations. This gives us the optimal
accuracy for each of the combinations of hyperparameters
[5]. A flowchart of how we used hyperparameter tuning for
our study is shown below (see Figure 3.4).
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3.4 Data-visualization

From the graph (Figure 4.4) we can infer that there is a higher
count of female participants (0.0510%) having strokes than
compared to male participants (0.0470%). The chart on the
right in Figure 1 illustrates the distribution of strokes across
various age groups, emphasizing that strokes are a significant
issue among older adults, especially those aged 70-85
(0.1969%).

Figure 3.4 Hyperparameter tuning flowchart
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Figure 3.5 highlights how common heart disease is among
people who have experienced a stroke. A majority of the
participants do not have hypertension (0.0396%) but then
those with hypertension (0.1325%) show a higher proportion
of strokes. As in the case of heart disease we can infer that
those with heart disease (0.1702%) has a higher proportion of
strokes.
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Figure 3.5: hypertensmn and heart disease distribution

Figure 3.6 illustrates the individual's background across
two categories: their place of residence and their type of
work. As we see, the percentage of stroke patients living in
urban areas (0.0520%) is higher than that in rural areas
(0.0453%). Also, participant's occupation is the majority of
private(0.0793%) and nearly 40% of them had stroke.
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Figure 3.7 depicts the individual’s distribution among BMI
where we see that there is a slight increase in the occurrence
of stroke among the range 20-40 BMI. Towards the right of
Figure 1, we’re seeing the distribution of individuals on the
basis of smoking habits. Participants who have never smoked
(0.0470%) form the majority class but individuals with a
history of smoking(0.0790%)or of those who have a habit of
smoking even currently(0.0532%)have a notable proportion
of
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Figure 3.7:BMI and Smoking status distribution

Figure 3.8 displays how participants are distributed based
on their average glucose levels and marital status.We can
clearly infer that individuals with elevated glucose levels
exhibit a higher incidence of stroke than those with lesser
glucose levels. As in the case of ever_married we can notice
that participants who have been married (0.0656%) form the
larger group with a slightly higher proportion of strokes
observed in this category compared to those never married
(0.0165%).

Avg Glucase Level vs Stroke Evor Married vs Stroke

I , _ —
Figure 3.8: glucose level and married status distribution

3.5 Machine Learning classifiers

The performance is measured using 3 different classifiers,
that is, Random Forest, XGBoost and Stack Ensembles
(Biswas et al., 2022) which is highlighted in this session. The
best model is determined by selecting the one with the highest
accuracy among the three [2].

The methodology used in this study in order to improve the
performance of all the machine learning and deep learning
models is SMOTE (Synthetic Minority Over-sampling
Technique) which is a data augmentation method used to
handle data imbalance by generating synthetic samples of
minority classes(stroke). SMOTE mainly improves minority
class representation, enhances model accuracy and also
prevents overfitting by identifying the k nearest neighbors of
minority class. It then generates more synthetic examples by
interpolating between the existing points. This generates
more datapoints of the minority class making it a
balanced dataset.

3.5.1 Random Forest

A Random Forest classifier works by combining multiple
decision trees. Every individual tree is built using a unique
subset of the data created through resampling. These trees
independently perform classification or regression. The final
prediction is determined by either averaging the results (for
regression) or using majority voting (for classification).

3.5.2 XGBoost

XGBoost which is the abbreviation for Extreme Gradient
Boosting” is a sophisticated gradient Boosting library used
for efficient training of predictive models. XGBoost uses
ensemble sequential learning to produce a stronger prediction
by combining multiple weak models.
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3.5.3 Stack Ensembles

Stacking is a powerful technique that combines the
prediction of multiple base models to create more accurate
final prediction. Each base model makes a prediction on the
validation set which is further used as features for the meta
model to predict the final output.

3.6 Deep Learning models

The performance is assessed using three models: Multi-
Layer Perceptron (MLP), Long Short-Term Memory
(LSTM), and TabNet, which are discussed in this section. The
best model is determined based on the one that achieves the
highest accuracy among the three.

3.6.1 Multi Layer Perceptron(MLP)

A Multi Layer Perceptron, commonly known as an MLP,
is a feed-forward neural network consisting of an isolated
layer of nodes that are interconnected by each other to ensure
that the network can learn the complex relations of data. MLP
has three main layers, the Input layer, hidden layer and output
layer. The activation function is the function that allows the
network to capture the non-linear relationships in the data.

3.6.2 TabNet

TabNet is a powerful Deep Learning model designed for
tabular data. By using Sequential Attention Mechanism the
model is able to handle complex relationships within the
tabular data.The input data is first passed through feature
transformer to extract relevant features.The attentive
transformer further selects subsets of features at each decisive
step and is masked to prevent information leak.The decoder
processes the selected features and generates the final
prediction

3.7 Evaluation Metrics

For the evaluation of the predictions made by the trained
models, we need to consider various measures like Accuracy,
Precision, Recall and F1-score. Recall is defined as the
fraction of individuals who have a stroke and are correctly
classified as positive considering the total number of
participants who are positive. The above two Evaluation
metrics are used to find the errors of a model while dealing
with a dataset that is not balanced. Precision indicates how
many people among the total of those who suffered from a
stroke belong to the class ‘stroke’. Meanwhile recall tells us
the percentage of those who suffered from a stroke which | s
predicted accurately. F-measure is a balance between
precision and recall which sums up the predictive
performance of a model. The formulas to calculate the same
are given below:

Procisi TP Recall TP
recision = TP + FP ecall = TP+ FN
F1.9 _ Precision - Recall
mSeore = Precision + Recall
A _ TP + TN
ccuracy = Total
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Note that TP stands for True Positive i.e. patients who were
correctly identified as stroke patients, TN stands for True
Negative i.e. patients who were rightly classified as patients
without stroke, FP, that is, False Positive give us insights into
the number of those patients who were wrongly identified to
be having a stroke but are actually healthy patients, FN or
False Negative i.e. patients who were wrongly identified as
healthy patients but are actually stroke patients.

We are also using curves like AUC(Area under the curve)
and ROC (Receiver Operating Characteristic) Curves as
evaluation metrics where AUC provides gives numeric values
in the range [0,1],that is, 1 for a perfect classifier and O for a
classifier that classified all non strokes as strokes, implying
how accurately the model is able to categorize between cases
where as ROC Curves provide a visual insight of the
performance of a classifier. These evaluation metrics are
often considered while dealing with imbalanced datasets.

Another important evaluation metric used is logloss
(logarithmic loss) also known as binary cross entropy loss
which is mostly used for classification models which
quantifies the difference in value between the predicted
probabilities and the actual class labels.

IV. RESULTS AND DISCUSSION

With the help of visual representations, we can analyze
and observe the dataset in data visualization. Correlation
matrix calculates how two variables are related. Age is
highly correlated with ever_married which is most positive
relation (Figure 4.1).
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Figure 4.1 Correlation Matrix

4.1 Machine Learning Models

4.1.1 Random forest
The following is the confusion matrix of random forest-
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Confusion Matrix - Random Forest
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Figure 4.1.1

Accuracy: 91.0%
Precision: 88.0%
reducing false positives
Recall: 82.5% -The model correctly identifies
82.5% of the actual positive instances

F1 Score: 85.1% -Balance between recall and
precision, ensuring the model is reliable

AUC: 0.935 -The model has a good
discriminatory power.

-The model has a good accuracy
- Nearly 88% cases were correct

4.2.2 XGBoost
The following is the confusion matrix of XGBoost-

Confusion Matrix - XGBoost
700
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25
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— 400
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1 1
Non-Stroke Stroke
Predicted Labels

Figure 4.1.2: Confusion matrix of XGBoost model

Accuracy: 94.0% -The model has a good accuracy,
higher than Random Forest

Precision: 90.8% -Higher precision means lower
false positives

Recall: 87.3% -The model correctly identifies
87.3% of the actual positive instances

F1 Score: 89.0% -Strong balance of precision and
recall

AUC: 0.960 -The model has a good
discriminatory power, better than Random Forest

4.2.3 Stack Ensembles
Accuracy: 96.2%
all other models

- Highest Accuracy compared to
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Precision: 92.5% - Out of the predicted strokes,
92.5% were correct.

Recall: 91.0% -The model correctly identifies
91% of the actual positive instance in the database

F1 Score: 91.7% - The Model is performing well
AUC: 0.980 - The model has the best

discriminatory power compared to the other 2 model

Methods Random XGBoost Stack

Forest Ensembles
Precision 88.0% 90.8% 92.5%
Recall 82.5% 87.3% 91.0%
F-Measure 85.1% 89.0% 91.7%
Accuracy 91.0% 94.0% 96.2%
AUC 0.935 0.960 0.980

Table 1: Comparison of Machine Learning Models

Thus from all the evaluation metrics considered we can infer
that among the three machine learning[28] models (Table 1),
Stack Ensembles[27] is the most accurate model (accuracy -
96.2%) for Stroke Prediction as it combines the strengths of
both Random Forest as well as XGBoost.

4.2 Deep Learning Models
4.2.1 Multilayer Perceptron (MLP)

Accuracy: 97.12% - The model is highly accurate
Recall: 85.64% -The model correctly identifies
85.64% of the actual positive instance in the database
Precision: 98.21% - Implies that there are few false
positives

F1 Score: 91.42% - A balanced model with good
balance between precision and recall

AUC: 0.9017 -The model has a good
discriminatory power

Log Loss: 15.27 -The models predictions are

almost accurate as it is indicated by low log loss

The following is the confusion matrix for MLP:
Confusion Matrix:

Confusion Matrix - MLP
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Predicted Labels

Figure 4.2.1: Confusion matrix of MLP model

4.2.2 Long Short Term Memory (LSTM)

The following is the confusion matrix of Long Short Term
Memory

Page 28

Confusion Matrix - LSTM
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Figure 4.2.3: Confusion matrix of LSTM model

Accuracy: 88.74% - Less accuracy compared to the
other MLP

Precision: 84.93% -There are False positives as the
precision is not 1

Recall: 92.91% -The model correctly identifies
92.91% of the actual positive instance in the database
AUC: 0.9383 - The model has a good
discriminatory power

F1 Score: 88.75% - The model maintains a descent
balance between precision and recall

Log Loss: 34.79% -The models predictions are not

as accurate as MLP

4.2.3 TabNet
The following is the confusion matrix of TabNet:

Confusion Matrix - TabNet

500
=3 400
300

- 200

Non-Stroke

True Labels

Stroke
'
o
N}
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'
Non-Stroke Stroke
Predicted Labels

Figure 4.2.4: Confusion matrix of TabNet model

Accuracy: 94.18% -The model is reasonably
accurate

Precision: 91.84% -There are False positives as the
precision is not 1

Recall: 95.12% -The model correctly identifies
95.12% of the actual positive instance in the database
AUC : 0.7536 - Not a good discriminator

Log Loss: 79.83% - A higher log loss indicates less
confidence in predictions

F1 Score: 93.47% - A good balance between

precision and recall

28
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Methods MLP LSTM TabNet
Accuracy 97.12% 88.74% 94.18%
Log Loss 15.27% 34.79% 79.83%
Precision 98.21% 84.93% 91.84%
Recall 85.64% 92.91% 95.12%
AUC 0.9017 0.9382 0.7536

F1 Score 91.42% 88.75% 93.47%

Table 2: Comparison of Deep Learning Models

Among the three Deep Learning models (Table 2)
considered, Multi Layer Perceptron (MLP) has the highest
accuracy of 97.34% with a precision value 1. In contrast
Long Short Term Memory (LSTM) has the least accuracy as
LSTM is a more efficient choice for sequential data.

As we can see in Table 3, on training the machine learning
models with the original dataset we get a lower accuracy as
compared to the model being trained on the balanced dataset
which is attained using SMOTE. Thus we can conclude that
applying SMOTE on imbalanced dataset can help improve
the efficiency of the model ,with Stack Ensembles being the
most efficient model having the highest accuracy of 96.2%.
Even in case of Deep Learning models, Figure 4, we can
see a similar trend as balancing the data with SMOTE
improved the accuracy of all the Deep Learning models
with MLP being the most efficient model having an
accuracy of 97.34%.

Machine Without With SMOTE
Learning SMOTE
Methods
Random Forest 88.6% 91.0%
XGBoost 92.1% 94.0%
Stack 93.4% 96.2%
Ensembles

Table 3: Comparison of accuracy of Machine Learning Models
without and with using SMOTE

Deep Learning Without With SMOTE
Methods SMOTE
MLP 94.51 97.12%
LSTM 83.34 88.74%
TabNet 92.08 94.18%

Table 4: Comparison of accuracy of Deep Learning Models
without and with using SMOTE
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