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Abstract. Stroke is a condition where there is impaired brain function due to lack of oxygen caused by blockage,
breakdown, or blood clots inside brain. Diagnosis of stroke is usually based on symptoms, but symptoms are not always
the correct measure. In examining a stroke, the most common way to examine a patient is to perform a CT scan of the
brain.

Purpose: This study was conducted with the aim of predicting brain scan images consisting of normal brain, ischemic
stroke brain, and hemorrhagic stroke brain. It is also to understand how an algorithm works to recognize and predict an
image.

Methods/Study design/approach: The image data is trained using machine learning algorithm of neural network,
specifically spiking neural network (SNN) using leaky Integrate-and-Fire (LIF) method, which practices the biological
performance of human nerves. SNN offers an alternative way of a computational algorithm that mimics the workings
of the human brain, especially the nerves in the brain at a low computational cost. In addition, this research optimizes
SNN parameters using genetic algorithm (GA). GA is proven to be a successful optimization algorithm from many
sources. GA is performed after going through the process in the SNN LIF algorithm, then the parameters in SNN are
entered into the algorithm operations in GA until it reaches the most optimal parameter value. Although it requires a
large amount of computational time and cost, combining it with SNN will be precise and less labor-intensive.
Result/Findings: Calculation of accuracy results in this study using confusion matrix, conducted on SNN test with LIF
method resulted in 90.27%. While with parameter optimization with GA, the final result of the SNN LIF algorithm
produces 96.3% accuracy.

Novelty/Originality/Value: This study was conducted to predict stroke disease with human brain images as training
data, using the SNN LIF model to train the model and identify patterns that help in predicting stroke risk. For
comparison, this research also uses optimization of the model using GA which is useful for determining the core
parameters in the training process of the SNN LIF model.
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INTRODUCTION

The field of modern computer science has gone through many stages of development. All aspects of life
have come to rely on computing systems, from work, transportation, education, development, health, and
more. This is related to the development of machine learning and deep learning algorithms that have created
an intelligence object that has been increasingly able to help human life in the last 100 years[1]. These rapid
developments have also managed to completely change the way people learn, work and live. Jobs have also
changed following the advancement of computer development, especially in the medical field.

Stroke is a condition of impaired brain function due to reduced blood flow to the brain. A stroke occurs
when a blood vessel in the brain becomes blocked or ruptured. As a result, part of the brain does not get the
blood supply that carries the necessary oxygen, resulting in brain cell damage [2]. The high incidence of
stroke increases the need for information on the causes and possible ways of early detection, prediction,
and prevention. The development of the field of computer science, especially in machine learning and deep
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learning to perform these tasks has become very important in relation to the needs of the times. Machine
learning can be developed to solve various problems in various fields[3].

In a study [4], stroke is the leading cause of death in China and Japan, with high systolic blood pressure
being the main factor causing stroke. In another study, in [5]’s research on people with stroke disease
showed that the career age range (18-65) experienced many physical, emotional, and psychosocial
challenges. In his report, 44% faced stress and depression, 43% were unable to return to work, 28% rated
their quality of life as poor.

The high incidence of stroke increases the need for information on the causes and possible ways of early
detection, prediction, and prevention. The development of the field of computer science, especially in
machine learning and deep learning to perform these tasks, has become very important due to the needs of
the times. based on research belonging to [3] that machine learning can be developed to overcome various
problems in various fields, especially in this medical case.

In other research in its development, [6] uses Naive Bayes as the main method in identifying stroke disease
symptoms, by determining the Naive Bayes Classifier value for each class created, and calculating the
probability value with a predetermined formula. Proven to get results with an accuracy value of 80%. The
disadvantages of using this artificial method cannot be separated from the certainty of the accuracy of CT
scan or MRI results. Other research conducted by [7] using K-Nearest Neighbor (K-NN) for stroke disease
classification by classifying objects based on learning data closest to the object with the euclidean distance
equation. K-NN evaluation was found with the highest accuracy value of 93.54%. This is a supporting
factor where the importance of computer science is one of the fields of science that can be useful both in
the health sector.

In the use of deep learning, especially in the health sector, data is needed to process a data model algorithm.
Data that is commonly used in processing is called Big Data. Big Data is often related to large-scale data,
real-time streaming, and complex data generated by various sources such as environmental sensors, GPS
signals, satellites, social media, or smart phones [8]. Scanned image data from the lab is also part of Big
Data itself. Image data is also data that can be used to train with machines. In modern industry, the level of
intelligence, precision and integration is getting higher and higher [9]. Therefore, image data can be
processed through certain processing. One of the uses of images as Big Data for training is corn kernel
detection in the field using image processing research [10]. The image data is trained with certain Machine
Learning algorithms to evaluate the loss of corn kernels during harvest in the field.

One of the Machine Learning that is often used is Neural Network. Neural Network (NN) is a machine
learning algorithm that applies the performance functions of human nerves, and is applied to many sectors
that rely on computational methods [11]. One of them is in research on predicting drug-disease interactions
by relying on deep learning with the Similarity Network Fusion-Neural network (SFN-NN) [12].Another
study, [13] using 2 Artificial Neural Network models to predict mud loss in natural fractures and induced
fractures.

NN has many models that are a development of the NN model itself. One of the models of NN is Spiking
Neural Network (SNN). This algorithm has a personal modeling methodology that is known to be superior
when modeling temporal data [14]. Another approach related to the use of SNN is using the Leaky
Integrate-and-Fire (LIF) model. According to [15], the LIF model uses a method whose concept is simple,
because it mimics the way biological neuron cell membranes work. Based on [15]'s research, it also
provides a statement that this model design can simplify circuits, reduce production costs, and increase
integration density. But it still has some component space that can be optimized with other algorithm
models.

The uses of the LIF model SNN algorithm still has the disadvantage that it is difficult to determine the
parameter value (the value that determines the performance of the model) so that it requires optimization
that improves accuracy and processing speed [16]. One of the machine learning algorithms that can perform
an optimization includes Genetic Algorithm (GA). GA is proven to increase the efficiency of Neural
Network performance [17]. GA is also used by [18] as feature selection in music genre classification using
the Random Forest method. Feature selection using GA is done to reduce data dimensions and irrelevant
features. In this study, the highest accuracy result was 67%, after several tests were carried out, namely
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classifying with all features (62%), classifying with normalized data (59%), classifying with original data
using the AG feature selection stage (64%), and classifying on normalized data with feature selection using
GA (67%).

With that note, it is stated that GA can have an effect on improving the performance of an algorithm so that
it can be combined with any algorithm. Therefore, this research will predict stroke disease using SNN LIF
model and to be combined with AG as well in order to optimize the algorithm in this study.

METHODS

The method used in this research is a combination of GA which is used as optimization in combination with
the SNN LIF algorithm. The purpose of optimization using GA is to obtain the most relevant training model
parameters for the algorithm model to be run so as to improve accuracy and efficiency, in this case, SNN
with LIF model. The development of this proposed method is based on a combination of several previous
studies with slight modifications, resulting in a method that is appropriate for research.

The SNN method used is based on previous studies [14][15][19][20][21][22][23], then combined with GA
with some considerations. The method is described with a flowchart so that it can be clearly understood

step by step, listed in figure 1.
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Figure 1. Flowchart of research
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Figure 3. SNN LIF combined with GA flowchart

Dataset

Data is sourced from the internet, namely from the [24]. The datasets used in this study are CT scan images
of the brain consisting of hemorrhagic stroke patients, ischemic stroke patients, and patients with normal
brains. The dataset is collected from various authors who are credited with uploading certain data as
material for training. The dataset detail can be seen in Table 1.
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Tabel 1. Dataset Description
Type Description Source
consists of normal brain CT
scan image data 23], [26], [27]
consists of CT scan image data
of ischemic stroke brain
consists of CT scan image data
of hemorrhagic stroke brain

Normal

ischemic stroke patients [28], [29], [30]

hemorrhagic stroke patients [31], [32], [33]

Data Preprocessing
Starting from data preprocessing based on Figure 1 that sorts patient data because it is still random and

unbalanced from the source by oversampling and undersampling the data [34][35]. Each patient's CT scan
is collected into a total of 30 images, so that each patient's data has the same amount and makes it easier to
process image data in the training model. Then image processing is given such as rotation, dimensional
change, and removal of blemishes in the image. The addition of augmentation as a data multiplication
method [36][37].

Image Processing

After loading the image data, the image is resized to ensure consistency. This step involves image resize
and conversion to grayscale format. Image resizing uses a Python function that utilizes the image module
of the Python Imaging Library (PIL). Image is checked whether it is square or not. To avoid the image
shape becoming sprawling, cropping is done to make it square by cutting the top and bottom. Image is then
resized according to the specified target size (128 x 128 pixels) using the Lanczos method for optimal
interpolation in the context of the image, can be seen in Figure 4.
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Figure 4. Image after Resize

After resizing, the image is converted to grayscale and saved in JPG format in the corresponding output
folder. The choice of grayscale representation aims to simplify binarization, which has an output of 0 or 1
[38]. This is in line with the approach required by SNN. After the repair, the images are then repaired one
by one. As can be seen in Figure 5, the brain image has blotches that can affect the model training process.
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Figure 5. Image before denoised
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Figure 6. Image after denoised

It is known that the stain is at the edge of the image, so the morphological dilation creates an image
segmentation where if a pixel is between the origin and the edge of a 3x3 square, it belongs to the same
class. The original idea of this function was to first separate the background, the edges of the brain image,
and the brain image itself. By ignoring the background, and clarifying the image by creating a mask of the
edges, we can perform the morphological dilation required to remove blotches in the image. In this case,
the dilation is done in the black part and ignores the image in the mask, as can be seen in Figure 6.

At this stage, the image is given additional processing to improve the training level of machine learning.
Image augmentation has been confirmed as an effective and efficient way to provide machine learning and
deep learning training performance especially on limited datasets[37]. Augmentations added are rotation,
magnification, and mirroring. Using the PIL library, it can perform all three augmentations. The
augmentation results are listed in Table 2.

Tabel 2. Image Augmentation
Augmentation Images

Haemorrhage Stroke Images rotated
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After going through some data processing, the next step is to divide the data into training data and testing
data. Training data is used as data used to train the model, while test data is used to test the performance of
the model that has been trained. The division is done with a ratio of 70% to 30%.

mirrorization
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Image Conversion

In preparing the input format of the SNN model, the data needs to be prepared into a spike-time
representation, which is temporal data that considers time or sequence information for decision making.
SNN enables temporal data representation through the use of spike-time representation (spatial and
temporal data), which means that the time of spike appearance has meaning about neuron activity and time
sequence. This enables the processing of important temporal information in brain images, especially for the
analysis of functional data such as Functional Magnetic Resonance Imaging (fMRI). By taking into account
spatial and temporal interactions in complex brain image data, it enables detection of more subtle and
detailed patterns in brain structure and activity.

0 20 40 60 80 100 120

Figure 7. Spike-time Representation

In Figure 7, the graph on the right is a measure of the spike-time representation of a CT scan image of a
brain categorized as "Normal". Each pixel in the image is represented by a neuron, and the color of each
pixel on the graph indicates the time of spike appearance (neuron activity) within a certain time interval.

To use the SNN model, it is necessary to process data represented by spikes or peaks that occur at specific
times. However, common data sets for machine learning. Using the Norse library to decode the data into a
spike-time representation, the results of the image conversion are shown in Figure 8.
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Figure 8. Spike-time Representation after Encoding

Training with SNN LIF

It begins with the construction of an SNN model defined with one recurrent reconnected layer and one
output readout layer. The model used has two types of neuron cells: LIF Recurrent Cell as the initial layer
and with LI as the output layer. The construction of this model as a model that tests the neuron voltage
when it reaches a certain threshold. By initiating the initial layers, here is the description of the first layer
with LIF as the initial layer and LI as the output layer, seen in Table 3.
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Tabel 3. First Type Model Layer

SNN Layer Model Type Layer contents
Input Layer Input Input_features
(L1) LIFRecurrentCell ~ Alpha
(hidden_layer) Value Threshold

(fc_out) Linear Output_features
(out) LICell tau_syn_inv

tau_mem_inv

v_leak

dt
Output_Layer Output Output_features

Then the model is tested with one of the image data so that it can assess whether the model can work or
not. However, the model will be combined again with the encoder and decoder functions from the norse
library so that the layer arrangement will be changed again. The details are shown in Tabel 4.

Tabel 4. Second Type Model Layer

SNN Layer Model Type

Parameter

Layer Encoder Encoder

SNN

L1(LIFRecurrentCell)

Fc_out (Linear)

Out (LICell)

Layer Decoder Decoder

SpikeLatencyLIFEncoder
timesteps

Input features

Hidden features
tau_syn_inv
tau_mem_inv

v_leak

dt

Alpha

Value Threshold

Input hidden features
Output features
tau_syn_inv
tau_mem_inv

v_leak

dt
torch.nn.functional.log_softmax

Training SNN LIF Combined with GA

The weakness of the model used is the difficulty in determining the optimal parameters. By using the AG
approach as optimization, the parameters used in the model are changed randomly and training is done
again. Training is done as many individuals in 1 population so that individuals are formed with each
parameter as a gene. The parameters chosen are only those that are considered to be the distinguishing
factor in training. The description of genes in an individual is shown in Table 5.

Tabel 5. Individual Genes in GA architecture
Individual Genes
Hidden features
Output features
Learning Rate
Epoch
Timesteps
Alpha
Batch_Size
Encoder

Then the individual initialization of the above parameters is carried out, by selecting values randomly but
determined from a certain range of values. The fitness value of an individual is evaluated from the previous
SNN model, which is using the accuracy calculation of the model work. The details can be seen in Tabel

6.
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Tabel 6. Range of Random Values of Parameters on Individual Genes

Parameter Name Random Value Range

T 20<T<50

LR 0.001 <LR <0.01

alpha 40 < alpha < 150

v_th 0.3 <v_th <0.7 (tensor PyTorch)

HIDDEN FEATURES 50 <HIDDEN FEATURES <200
OUTPUT FEATURES 3 (constant)

BATCH SIZE 8 <BATCH SIZE <64
EPOCHS 3 <EPOCHS <20
Encoder encode.SpikeLatencyLIFEncoder

encode.ConstantCurrentLIFEncoder
encode.PoissonEncoder

From the initialized individuals, next create a population from the set of individuals. Next, crossover is
performed. The crossover used is two-point crossover and produces 2 new individuals. Individuals are then
mutated by permutating the values from Table 6 with the specified mutation rate. After that, elitism
selection is carried out by selecting individuals with the best fitness value. The work continues to the
generation iteration with each generation running a population update. Parameter values for both crossover,
mutation, and elitism.

Evaluation
After the training ends, the evaluation process with confusion matrix is performed. This process takes the
model that has been trained on the device where the model is evaluated, and the test loader data
(test_loader). Then evaluate each test data, then calculate the prediction of the model. The return value is 2
arrays, which contain the true value (label) and the prediction result. Tabel 7 represents the confusion
matrix.

Tabel 7. Confusion Matrix

Positive Negative
Positive TP FP
Negative FN N

RESULT AND DISCUSSION

This study was conducted to predict stroke disease with human brain images as training data, using the
SNN LIF model to train the model and identify patterns that help in predicting stroke risk. For comparison,
this research also uses optimization of the model using GA which is useful for determining the core
parameters in the training process of the SNN LIF model. In determining the accuracy value, confusion
matrix is used to identify the accuracy of the model accuracy after the data is divided into 70% training data
and 30% test data.

By defining an SNN model with one hidden layer and recurrently connected with LIF hidden features
neurons and a readout layer with output features and LI, this model can freely combine the primitive SNN
network with the layers of an ordinary torchNN module, making it good for combination with other ANN-
based algorithms. Figure 9 is a visualization of the voltage output generated by the recurrent SNN on the
example input as a test model, which displays the voltage output at each time in the sequence.
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0.0
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I
b
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Time [ms]

Figure 9. Visualization of First Type Model Layer Test Voltage Output
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Figure 9 illustrates the graph of the neuron potential membrane voltage in the model that changes over time.
The 3 lines on the graph represent the number of features in the output layer and can change each time the
training is re-run. The lines represent the change in voltage over time in those cells. The curved shape of
the voltage graph symbolizes the reset process after reaching the threshold. The positive and negative values
represent that there are inactive neuron outputs. When it reaches a negative value, the neuron shows an
inhibitory or suppressive condition so that the neuron is not active. Conversely, positive voltage values
indicate that there is activation in the neuron.

— Output 1
Output 2
44 — Output 3

Voltage [a.u.]

10 15 20 25 30
Time [ms]

o4
0]

Figure 10. Visualization of Voltage Output of Second Type Model Layer Experiment

Figure 10 is slightly different from Figure 9, which is found in the shape of the line or voltage value. The
curved line shape symbolizes that LI works well in this model by responding to the stimulus parameters on
each input. The positive voltage values all indicate that the neurons perform the activation process all and
none are extinguished / inactive.

Next is to run the model training with train and test data, using the traditional PyTorch library commonly
used in training Neural Network algorithms. The training was run by iterating 5 times with the training data
iterated using the progress bar from the tqdm library. For each batch of training data, the gradient optimizer
was reset, and model predictions were obtained by passing the model input data. Backpropagation on the
model and optimizer was used to update the model parameters, and the loss value of each training for each
batch was recorded. A graph of the Loss value and accuracy measured per batch and epoch is shown in
Figure 11.

Training Loss Over Epochs Test Loss and Accuracy Over Epochs
—— Training Loss — Accuracy 90
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Figure 11. Training Graph, Loss Value, and Accuracy of each Batch Iteration
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The total accuracy obtained from the model with the given parameters is 90.27%. The calculation of
accuracy in the model uses a common approach to classification tasks, namely by calculating the percentage
of correct predictions, True Positive (TP) and True Negative (TN) from the total samples in the test set.

number of correct predictions
total test data

x 100% (1

This accuracy measurement does not involve the confusion matrix, but relies on comparing the predictions
with the actual truth labels.

Then the SNN LIF parameter optimization training is carried out using GA. The training starts with
population and generation iterations. In this function, if there is no improvement and gets the same result,
then the generation iteration is stopped. This is presented in Figure 12. Table 8 shows the optimal
parameters resulting from GA iteration.

Tabel 8. Optimal Parameter

Optimal Parameters

T 25

LR 0.0026

alpha 52

v_th tensor(0.6800)

HIDDEN FEATURES 147

OUTPUT FEATURES 3 (constant)

BATCH SIZE 45

encoder SpikeLatencyLIFEncoder

Accuracy History

0 2 4 6 8 10 12
Generation

Figure 12. Accuracy Results for each Generation

Figure 12 shows the highest accuracy result of 96.3%. The evaluation that runs in each generation is done
directly with the confusion matrix. The use of the Seaborn library helps visualize the confusion matrix
generated by the model. The resulting visualization is a 3x3 matrix heatmap with an output of 3 classes,
where the diagonal elements show the number of correct predictions for each class. Figure 13 shows the
visualization of the confusion matrix.

Confusion Matrix
Accuracy: 96.31%
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Figure 13. Confusion Matrix Visualization
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Table 9 shows the description of True Positive (TP), False Positive (FP), False Negative (FN), and True
Negative (TN) based on the matrix above.

Tabel 9. Confusion Matrix Description
Predicted 0 Predicted 1 Predicted 2

Actual 0 TN (91) FP (1) FP (1)
Actual 1 FN(2) TP (98) FP (2)
Actual 2 FN (2) FP (3) TP 91)

CONCLUSION

The application of SNN algorithm with LIF method and optimization using GA to predict stroke disease
from brain CT scan image can be done. SNN successfully trains image data with the help of encoders from
the Norse library to convert image data that has been transformed into tensor data into input data by
providing information on spikes or peaks that occur at certain times. Based on the results of the research
conducted, an increase in the results of each model was obtained. The model used from SNN LIF method
only, which gets 90.27% accuracy. The next model after optimized using GA to get the best parameters.
The combination results in an accuracy of 96.3% and an increase of 6.03% from the SNN algorithm before
optimization.
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