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Abstract
Strokes are among the top five leading causes of death in the United States, with over
140,000 patients dying each year in America alone. Our research question is centered
around predicting stroke susceptibility and determining which demographic and medical
factors significantly increase or decrease that risk. Stroke research in the past has been
centered around determining the presence of a stroke using CT imaging after it has
occurred; our goal was to determine likelihood of stroke prior to a stroke occurrence in
order to prepare patients for and proactively address stroke risk. As such, a deep
learning model was developed for stroke prediction and tested on a dataset of 5110
samples. Hyperparameters such as operating point, learning rate, batch size, and
epoch value were tuned to maximize model efficiency. The model had an overall
accuracy of 0.74, accurately determining 660/954 stroke negative samples and 41/54
stroke positive samples, producing recalls of 0.68 and 0.76 respectively. Overall, it was
found that age played the largest role in stroke susceptibility with a correlation value of
0.25. While it was found that medical factors played a larger role in stroke proneness
than lifestyle factors, the correlation between average glucose level, heart disease,
hypertension, and stroke risk and the correlation between marriage status and stroke
risk remained similar at 0.13 and 0.11. Our results indicate the potentiality of the use of
AI in determining stroke risk based solely on collected medical and lifestyle data.

1.  Introduction
A stroke occurs when blood circulation to the brain is either reduced or completely
stopped, resulting in a stoppage of the flow of oxygen and essential nutrients to the
brain and ultimately causing the death of brain cells. Strokes are the 5th leading cause
of death in America, with 140,000 people dying of strokes each year in the United
States alone. Our research questions is two pronged; our goal is to develop a model
that can correctly predict whether a patient with certain demographic and medical
conditions (presence of heart disease and hypertension, average glucose level, BMI,
smoking status, marriage status, work type, residence type, gender, and age) will have
a stroke and determine which of those conditions has a significant impact of stroke
susceptibility. Previous research has mostly looked at how to diagnose strokes after
they have already taken place; our research is in an attempt to distinguish what factors
put patients at high stroke risk, and work towards prevention as opposed to treatment.
To develop and test our model, we used numerical data of 5110 samples (explored
more in further sections below). Since the dataset includes whether or not the patient
experienced a stroke, our research is centered around a supervised problem. The
model developed outputs labels, ‘1’ for stroke positive samples and ‘0’ for stroke
negative samples, while the heatmap created outputs decimal values to show the
significance of the impact of the various factors on stroke susceptibility. Though death
by stroke has decreased in recent years, strokes continue to significantly impact the
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lives of many in the United States. Developing a better understanding of what factors,
not only medical conditions, but also demographic and lifestyle factors, have an impact
on stroke susceptibility, can help us better diagnose and treat patients at risk for stroke.

2. Background
The article, “Deep Learning Assists with Stroke Evaluation and Management” published
by the Radiological Society of North America, explores a study done by Dr. Paul Yi of
the University of Maryland School of Medicine regarding the use of deep learning
methods to evaluate “the need for endovascular surgery” after a stroke. Using a dataset
of 876 samples, Dr. Yi and his team tested both 2D and 3D CNNs to determine the
presence of an LVO (large vessel occlusion) on a head CT angiography. The 2D CNN
produced a high AUC (area under the curve) of 0.95, but used CT images that were
highly preprocessed. The 3D CNN, on the other hand, produced a slightly lower AUC of
0.80, but utilized similar data to what an algorithm would see in a real life situation. Dr.
Yi concluded that while his results are preliminary, further research could ensure the
incorporation of AI into stroke diagnosis, particularly in emergency situations. Dr. Yi’s
findings are essential to efficiency in future stroke treatment, especially with the amount
of accessible radiologists going down. His team used image data of CT angiography,
contrary to numerical patient data that our team used, and therefore used a CNN
(convolutional neural network), instead of an ANN (artificial neural network). Since
CNNs have previously shown high accuracy, in comparison to both ANNs and “human
observers,” Dr. Yi’s data has set a reliable baseline for future research. While this team’s
sample was balanced in that the amount of LOV positive and LOV negative samples
were equal, the relatively low dataset size (876 samples), may make it harder to
understand the full scope of the results provided. Dr. Yi’s team looked at ways to
address stroke from the perspective of the treatment efficiency (in other words, after the
medical event has taken place); we hope to build on their research by looking at stroke
prediction through the lens of the prevention and developing a model that looks at
comorbidities and the other demographic factors to determine stroke susceptibility.

3. Dataset
Our dataset consists of 5110 samples of numerical data, including 5110 patients and
their demographic and medical information pertaining to stroke susceptibility. Factors
provided include patient ID, gender, age, presence of hypertension and heart disease,
marriage status, work type, residence type, average glucose level, BMI (body mass
index), smoking status, and occurrence of stroke. The combination of both health and
lifestyle factors within the dataset directly correlated with our research question that
addressed the varying influence of medical and lifestyle circumstances on the risk of
stroke. The data was split into a 80:20 train:test ratio using the train_test_split function
from the scikit learn library, allowing for 4088 samples to be used to train the model and
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1022 samples to be used to test the model. Insignificant factors such as patient ID
(which had no impact on stroke susceptibility) were removed from the dataset and null
values such as ‘NaN’ were replaced with ‘-1.0’ to prevent being factored in by the
model. The Label_Encoder( ) function was utilized to perform linearization (conversion
of non-numerical values such as ‘urban’ or ‘rural’ to numerical values such as ‘1’ and
‘0’). Close examination of the raw dataset showed a significant imbalance between
stroke positive and stroke negative patients. Only 249 out of 5110 patients were stroke
positive, while 4861 patients were stroke negative, giving a 1:20 stroke positive to
stroke negative patient ratio. This discrepancy was resolved during the preprocessing
stage through the duplication of stroke positive samples and removal of stroke negative
samples within the training set (duplication and removal of certain data points did not
occur within the testing set as to not alter the model’s final results). A set of 105 stroke
positive samples were duplicated 10 times and added to the training set and 1844
stroke negative samples were removed from the training set in order to ensure that the
number of stroke positive and stroke negative patients were equal (2044 samples of
each category). The preprocessing measures noted above prepared the data to be fed
into the model.

4. Methodology / Models
We developed a logistic regression model to establish a baseline for determining stroke
outcomes. Logistic regression uses the combination of a basic linear function and a
sigmoid function to determine the likelihood of a particular instance taking place, in our
case the likelihood of a patient having a stroke based on data of other patients with
particular demographic and medical conditions. When tested with the data, the logistic
regression model showed a high accuracy score of 0.95, but an unusually low F1 score
(calculated based on precision and recall values) of 0.0. The unexpectedly high
accuracy was caused by the imbalance of stroke positive and stroke negative samples;
the baseline models predicted all of the samples to be stroke negative, and since a
large majority of the samples were stroke negative, the models were able to maintain a
high accuracy. The decision tree classifier model, which looks at every possible
classification outcome and makes a decision based on data from the training set,
showed a slightly lower accuracy score of 0.89, but a slightly higher F1 score of 0.1.
Other baseline models, including ridge classifier, random forest classifier, support vector
classifier models, tested for comparison purposes,  provided similar results to the
logistic regression model.

Model Type Accuracy Score F1 Score

Logistic regression 0.952054794520548 0.0
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Ridge classifier 0.952054794520548 0.0

Random forest classifier 0.9500978473581213 0.0

Support vector classifier 0.952054794520548 0.0

Decision tree classifier 0.8923679060665362 0.11290322580645161

Figure 1: Baseline models that were tested and their corresponding accuracy and F1
scores

For our final model, we chose to use a higher capacity multilayer perceptron (deep
learning) model. An artificial neural network (ANN) is developed based on neural
networks in the human brain. The model’s ‘input layer’ is given the test samples without
labels, after which it is passed through multiple ‘hidden layers’ that contribute to model
efficiency, and an outcome is released through an ‘output layer.’ After the data was
preprocessed (linearization, removal of null values, etc.), it was fed into our four layered
artificial neural network (using the Keras library). We found that as the number of layers
wavered higher or lower than 4, the The ReLU (rectified linear unit) activation function
was used for all hidden layers and the sigmoid activation function was used for the final
output layer. The Adam optimizer was implemented to optimize and modify the model’s
learning rate, which was set at 5e-2 (0.05). Binary cross entropy was used to calculate
loss because the final output of the ANN is binary, stroke positive or stroke negative.
Loss curve was plotted to determine the capacity of the model.
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Figure 2: Loss curve of ANN model

Other hyperparameters, such as batch size, epoch value, and the operating point were
delicately tuned to maximize model accuracy and efficiency. Batch size was finalized at
32 training samples and the epoch value was finalized at 100 epochs. The optimum
operating point was found to be at 0.4; after testing values from as high as 0.8 to as low
as 0.0001, the operating point that maximized both true positive samples and true
negative samples was at 0.4. Further, the kernel regularizer was used to prevent
overfitting in the model (particularly as a result of previous overfitting seen in the basic
logistic regression and decision tree classifier models). Hyperparameters were tuned to
prioritize a high F1 score, which is calculated based on a combination of precision and
recall. Note that high accuracy may not always be accurate, as shown with the simpler
models used as baselines, which is why F1 score was considered. The final predictions
of the model were depicted through a confusion matrix, with 660 true negatives, 398
false negatives, 41 true positives, and 13 true negatives. Model results were analyzed
through the use of precision, recall, and F1 score values.

Figure 3: Confusion matrix of final model results

5



5. Results and Discussion
We developed a deep learning model (ANN) to predict stroke susceptibility in patients
with varying medical, lifestyle and demographic conditions. The model outputs a
decimal value describing the likelihood of a particular sample being stroke positive;
depending on its relation to the operating point, it is classified as stroke negative or
stroke positive. During the hyperparameter tuning process, it was observed that the
operating point significantly impacted the accuracy of the model. While initially kept at
0.5, the operating point was lowered to 0.4 to accommodate the low number of stroke
positive samples and maximize the accuracy of the model. Other hyperparameters,
such as batch size, epoch value, and learning rate, were carefully tuned during the early
development of the model and remained constant throughout the testing process. As
mentioned earlier, metrics used to evaluate model capability include precision, recall,
and the F1 score. Recall was prioritized over precision, as the number of correctly
classified stroke positive samples out of the total number of stroke positive samples is
highly relevant for model development and clinical use. F1 score, calculated using a
combination of precision and recall (double the quotient of their product and sum). The
model presented recall values of 0.68 for stroke negative samples and 0.76 for stroke
positive samples. While recall values were maximized given the constraints of the
relatively small dataset, further testing must be done using a larger, more balanced
dataset to better understand the capability of the model to be used in clinical settings.
Precision values were 0.98 and 0.12 and F1 scores were 0.80 and 0.20 for stroke
negative and stroke positive samples (respectively). The low precision value, and
therefore low F1 score for stroke positive samples was due to the imbalance of samples
within the dataset; with only 54 stroke positive samples in the test set, the ratio of
correctly classified samples to the number of stroke positive samples was highly
disproportionate. While our model has produced useful preliminary results in the field of
stroke prediction, more research is needed to better understand the model’s capability
to classify stroke positive cases, which will be most relevant in clinical scenarios, and
the role deep learning will play in stroke prediction using non-image data.

Figure 4: Classification report of model results
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At the end of the model development process, a heatmap was developed to better
understand the significance of various features on a patient’s stroke susceptibility and
compare the impact capacity of medical and non-medical factors. With a correlation
value of +0.25, age was illustrated to have a strong positive correlation with stroke
susceptibility, meaning that an increase in age accounted for an increase in stroke
susceptibility. The features of hypertension, average glucose level, and heart disease
depicted a +0.13 correlation value with the presence of stroke, while the correlation
between stroke presence and marriage status was 0.11. This similarity indicates the
need to further explore the role of relationship factors, along with medical comorbidities,
in increasing stroke risk. While it can be concluded that medical factors have an
increased impact on stroke susceptibility in comparison to non-medical factors, the
magnitude of this variance in significance needs to be researched through further factor
analysis (particularly of negative correlation values) and tested on a large dataset to
show the consistency of results. The outcomes of our heatmap show that factors other
medical comorbidities can impact the stroke susceptibility, bringing up an extension to
our research problem: the role lifestyle and demographic factors play in other medical
events, such as heart attacks, brain hemorrhages, and other potentially fatal conditions.

Figure 5: Heatmap of correlation between dataset features and stroke presence
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6. Conclusions
Our research was aimed at developing a model to predict stroke susceptibility and
determine what factors make a patient more or less likely to have a stroke in order to
address stroke prevention, as Americans continue to be at high risk for strokes. After
developing several baseline models (logistic regression and decision tree classifier), we
chose a multilayer perceptron model (ANN) for stroke prediction as deep learning has
previously been shown to produce accurate and highly reliable results in binary
classification problems. Our model was a four layered ANN; hyperparameters such as
learning rate, batch size, epoch value, and operating threshold were tuned at 5e-2, 32,
100, and 0.4 respectively, to maximize recall and F1 score. The model produced a recall
of 0.68 and F1 score of 0.80 for stroke negative samples and a recall of 0.76 and F1
score of 0.20 for stroke positive samples. While these values are higher than F1 scores
produced by the baseline models, further research must be done to improve the
accuracy of the model. In the future, utilizing a larger dataset (with >100,00) samples)
with a greater balance between stroke positive and stroke negative samples, is
recommended for the model to produce a higher accuracy. The heat map produced
along with the model showed that the factor with the largest impact on stroke
susceptibility was age; medical factors such as average glucose level and presence of
hypertension and heart disease proved to have a larger impact than demographic
factors such as marriage status, residence status, or work status. Further research
should be done on larger datasets to gain a deeper understanding of the extent of
impact of particular factors on stroke risk.
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