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Abstract: The implementation of a Deep Neural Network (DNN) is widely used for
a long time ago. Nowadays, the DNN still undergoes improvements in a lot of
research for different subjects including epilepsy. This disorder remains one of the
diagnoses that can be done by using DNN. For this study, one of the DNN models
which is the Recurrent Neural Network (RNN) is utilized to make identification for
epilepsy based on the Electroencephalography (EEG) dataset. The dataset is attained
from UCI Machine Learning Repository for Epileptic Seizure Recognition Data
which is an open-source dataset for epilepsy. The dataset with epileptic can be
distinguished from the non-epileptic one by using the LSTM model, the upgrade
version of RNN. The performance evaluation in terms of accuracy also obtained a
value of more than 98%.
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1. Introduction

When the brain fails to function normally, there will be some disorders or abnormalities. One of the
disorders is epilepsy. Epilepsy is a chronic disease of the brain and a central nervous system disorder
that can cause unprovoked seizures condition in patients [1]. During epilepsy, the cognitive and social
behavior of the human will be an issue. The brain is a complex organ that is related to almost all
functions in our bodies. It has control over sensory organs, systems and more. Thus, if the brain becomes
scrambled and cannot function properly, creating abnormalities, the human body will be in a terrible
state. It is planned to attempt to identify in which lobe of the brain, the impact will be more by using
Recurrent Neural Network (RNN), one of the DNN models.

In [7], Convolutional Neural Network is used to detect epileptic seizures based on the University
of Bonn EEG dataset. CNN uses the image as an input, assigning importance to various aspects of the
image and also being capable to differentiate one from another for classification. CNN has four layers,
which the first three layers being used to detect or learn about the input’s features while the last layer
is used for classification. Study [2] was also conducted with CNN but with a different pre-processing
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method. [3] used Short-Term Fourier Transform (STFT) spectrogram and Continuous Wavelet
Transformation (CWT) scalogram but [2] used Gramian Angular Summation Field (GASF) and
Gramian Angular Difference Field (GADF) methods to transform EEG signal into a 2D image for CNN
input.

Long Short-Term Memory (LSTM) is popular in studies related to epilepsy identification [4]- [6].
A hybrid neural network like [5] can also be used, which utilized LSTM with CNN, to create a hybrid
neural network named Deep C-LSTM. These past studies show that there are a lot of ways to utilize
neural networks for epilepsy identification. DNN works with a lot of structures like CNN, RNN and
more. The networks also can work together in one system like CNN and LSTM which produces a C-
LSTM structure. Aside from that, the process before classifying by using the network, like pre-
processing and feature extraction process also can be done in different ways. It can be concluded that
DNN can function in a variety of ways, but with the correct choice of technique and process, the best
results can be acquired.

As per the literature study, LSTM, which is the upgrade of RNN, is identified as one of the best
DNNs to proceed with this study. This study is using EEG as a base to construct LSTM. The EEG signal
is identified either as epileptic or normal through this network application. With the identification result
obtained with the chosen network model, a performance evaluation is done with some comparison with
the other DNN maodels constructed specifically for this purpose plus with previous related research.

2. Materials and Methods

Long Short-Term Memory (LSTM) is a part of RNN which is widely used for sequential data.
Sequential data is the type of data, in which points in the dataset rely on other datasets’ points. Time-
series data like EEG is a type of sequential data. This means the usage of EEG is very suitable for this
network [6]. A typical neural network deduces that the dataset used in the network is independent of
each other. However, RNN is different as the output from this model depends on previous input, within
a sequence. The network is said to have “memory” as it still remembers the previous input to influence
the current input and output as in Figure 1. This network shares the same parameters across the layers
of the network. The structure of RNN is shown in Figure 2.
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Figure 1: RNN and its unfold structure (right). Figure 2: RNN full structure [5].

LSTM is the improvised version of RNN with the existence of memory extension. LSTM mainly
depends on three gates which are input, forget and output. With the forget gate, the network can decide
either to take or leave the data in the network depending on the importance of the data. Over time, the
network learns which information to delete. The input gate decides whether to take the new input or
not. These decisions on the two gates affect the output gates.
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Next, LSTM can perform backpropagation. The forward propagation is performed from the input,
through the network, then to the output. Backpropagation is the reverse of forwarding propagation. The
weights of the network can be fine-tuned or adjusted based on the error estimation obtained while
performing backpropagation. The weights of the network are the parameters specified to transform the
input in the hidden layer. So, with the weights adjusted to a better specification, an error can be reduced
and the model can be more accurate.

The difference between normal RNN and LSTM can be seen in Figures 3 and 4. The use of different
layers in LSTM like the amount of tanh definitely can produce a satisfying result for its particular
purpose.
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Figure 3: RNN neuron [7] Figure 4: LSTM neuron [7]

2.1 Dataset

The EEG dataset is obtained from the UCI Machine Repository-Epileptic Seizure Recognition
Dataset. This dataset contains five different sets or classes for different conditions of EEG recordings.
Class 1 is for EEG recordings with epileptic seizures recorded from the patients. Classes 2 and 3 are for
epileptic EEG signals but each recording is taken with sensors at different spatial locations. Class 2 is
taken from the epileptogenic zone, but Class 3 is from the other side of the zone. Class 4 is for surface
EEG recordings of healthy subjects with eyes closed while Class 5 is when the eyes are opened. This
data is set into a .csv file for easy access [8].

2.3 Tools

As this study is fully software-based, the software that has been chosen for this study is Jupyter
Notebook which implements Python language. Python has a lot of libraries that focus on the application
of Machine Learning, Deep Learning and Data Science like keras and tensorflow. Thus, this software
is selected to build the DNN models needed for this study. A suitable environment of Python is made
with the libraries needed for this study, which are:

a) tensorflow d) matplotlib

b) keras e) pandas

C) numpy f) sklearn
2.4 Workflow

The flow of this study works as Figure 5.
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EEG signal dataset acquisition
]
Pre-process dataset
]
Build model
]
Train model
]

Test model
¥

Evaluate and compare performance

End

Figure 5: Workflow.

Before starting to build the LSTM model, data pre-processing is needed. The dataset obtained from
UCI Machine Learning Repository has been segmented and transformed into a .csv file for easy access.
The dataset is then split randomly into train and test data with a ratio of 80:20.

Feature scaling or standardization is then applied to both train and test data. This step is done to
normalize or rescale data into a certain range, like 0 to 1. As the dataset used is big and varies in values,
this normalization step helps to equalize the data. There are two ways of standardization that have been
applied in this study. First, by using the direct Eq. 1 and by using a built-in function which is
StandardScaler. This function works like Eqg. 1.

X —
X = s

Eq.1

p q

X = value for X_train/X_test/Y_test (data)
U = mean of data

o = standard deviation of data

The pre-processed data then proceeds to be used in the neural network model for the classification
of epileptic and non-epileptic signals.

2.5 LSTM Model

As LSTM is a sequential network, function Sequential from keras library is used. This is because
Sequential is a model with a linear stack of layers that has one input and one output of tensor, suitable
for LSTM. The specifications for the layers are shown in Figure 6. The LSTM model is built layer by
layer with Istm, dropout, dense and activation layers.

model = Sequential()

model.add(LSTM(56, input_shape=(45,1), return_sequences=True))
model . add(Dropout(@.3))

model . add (LSTM(56) )

model . add(Dropout(@.3))

model . add{Dense(28))

model . add(Activation( " tanh'))

model.add(Dense(5))

model.add(Activation( softmax’))

Figure 6: LSTM model specification.
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The LSTM input shape was a 3D tensor shape with timesteps and features of 45 and 1, respectively.
A tensor refers to a matrix or vector that represents the data. The LSTM output is expected to produce
a unit of 56. After that, dropout is added. Dropout functions by ignoring random units and setting the
units to O during training, plus it helps prohibit the model from overfitting [9]. Usually, a rate ranging
from 20% to 50% is used for the layer.

The dense layer is operating as the hidden and output layers for this model. Dense layers with units
of 20 and 5 are used. The unit represents the output size of the layer. This layer is used to change the
dimension or size of the output. It is also connected and received all inputs from the previous layer.
Along with each dense layer, an activation function is prepared after the layer.

The activation function is set up to two types, tanh and softmax. The hyperbolic tangent activation
function, tanh, which is commonly used in LSTM [10], is utilized as it is compatible with LSTM [11].
For output, the activation function chosen is softmax. It specializes in the classification of two or more
classes [12]. So, the softmax function is used for training and classification as it is suitable. Overall, an
activation layer is added to control how the model is trained and with a suitable layer, the output layer
can predict the prominent outcome.

Next, for model training, the model is compiled with loss, optimizer and metrics configurations as
shown in Figure 7. The loss function measures the difference between the predicted and actual values.
The chosen loss function for this model is Binary Crossentropy (BCE), which is specified for binary
classification (0-1). The optimizer is needed to modify features like weights or learning rates to decrease
any possible loss in model training. Adam (Adaptive Moment Estimation) optimizer is chosen to
complete the task. The learning rate for the Adam optimizer is 0.001. Then, the metrics for model
performance are specified to accuracy.

model.compile(loss="binary_crossentropy', optimizer='adam', metrics=['accuracy'])
Figure 7: Compilation of LSTM model.

A fit function is utilized for model training with epochs set to 50. An epoch refers to a round or
cycle of full model training with the data. As training with an entire dataset for an epoch might be too
big, the training has to be done in batches. So, the batch size is set to 15 as depicted in Figure 8. The
shuffle is set to true, so the data used is shuffled before starting each epoch. With this, model training
can be done. The loss and accuracy findings for each epoch from the model training can be evaluated
in Section 3, Results and Discussion. The trained model is then proceeded to be used for model testing.

armalizatior (& traimf, 4

hist-mcdei.iiL{QtK_Lréir[:.::1_-X_Lrain.meanij!fx_{rain.sLd(j].Y_eriﬁ.:,L:J. epochs=58, batch_size=15, shuffle=True)
Figure 8: Train LSTM model.

For model testing, function prediction is used to identify the epileptic and non-epileptic signals. To
identify these signals, the test data is used in the trained model to make predictions of the epileptic and
non-epileptic signals. Then, the prediction result is compared with the actual test data to obtain the
accuracy of the prediction result from the trained model. The overall process is repeated for the other
two Artificial Neural Network (ANN) models with different structures of layers and specifications
(Section 2.6). These two models are used for performance comparison in model training and testing
with the LSTM model.

2.6 ANN Model for Performance Comparison

There are two ANN models used for comparison with the main model, each is shown in Figure 9
by using the same dataset with an 80:20 ratio for the train and test data. Dataset pre-processing is also
done in the same manner. However, both models have different specifications of layers and input/output
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shapes. ANN has a different build or construction compared to LSTM. The ANN is built with input,
hidden and output layers [13]. The hidden layers can be more than one as this is to add more depth to
the network. However, the same hyperparameters for model training are applied, the same as the main
model, LSTM.

model=Sequential()

model. add(Dense( 258, input_shape=(45,)})
model. add{Activ. T3k

model. add(Del
model. add{Ac ti
model. add{Dense (12

model, add{AcC
model. add(De!
model, add{Ac ti
model.add{Dense(32

def createaModel():

inp = Input({shape={X_train.shape[11})

model. add{Activ. )] x = Dense(32, activation="relu'}{inp)
mode 1. add(De x = Dense(32, activation="relu'}{x)
model. add{Ac ti 1u*)) ¥ = Dropout(@.5)(x)

model. add(Dense(32 ® = Dense(l, activation='sigmoid®)(x)

model. add{Activ.

model. add{Ac ti
model.add{Dense(5)
model, add{Activaticon( 'softmax'})

(@) (b)
Figure 9: Specifications of (a) Model 1 and (b) Model 2.

Model 1 has a lot of hidden layers (dense layers). The input/output shape is set to be reduced as the
layers are finished towards the output layer. The activation used for hidden layers is Rectified Linear
Activation (ReLU) and softmax. ReLU is one of the most commonly used functions aside from sigmoid
and tanh as it is famous for its simplicity [14]. Model 2 does not use a lot hidden layers as Model 1. The
activation layers used are ReLLU and sigmoid. The sigmoid function is placed at the last dense layer as
it is useful for binary classification [15].

3. Results and Discussion

This section shows the result of pre-processing the dataset, which is used for model training and
testing. The accuracy-loss values from model training and accuracy value from model testing are also
shown. With these values, performance comparison and evaluation can be done.

3.1 Pre-processing Dataset

The dataset taken from the UCI Machine Repository for Epileptic Seizure Recognition Dataset is
already undergone pre-processing for segmentation as shown in Figure 10. For data splitting, the train
data takes 80% (9200 samples) and the other 20% (2300 samples) for test data.

Unnamed: 0 X1 X2 X3 X4 X5 X6 X7 X8 X9 .. X170 X171 X172 X173 X174 X175 X176 X177 X178 y
0 X21.Vw1791 135 190 229 223 192 125 55 9 33 . -7 15 -3 77 103 127 -116 83 51 4
1 X15v1924 2386 282 356 331 320 315 307 272 244 164 150 146 152 157 156 154 143 129 1
2 X8vi1 32 39 47 37 32 36 57 73 -8 .. 57 64 48 19 12 30 35 -3 36 5
3 X16V1.60 -105 -101 96 92 -39 -95 -102 -100 -87 -82 -8t 80 77 -85 .77 72 80 -85 5
4 X20.v1.54 9 65 93 102 78 48 -16 o 21 . 4 2 12 32 -4 65 83 -89 735

5rows x 180 columns

Figure 10: Data representation in .csv file
3.2 Model Training
3.2.1 LSTM Model

The built model can be summarized into an output table like in Figure 11 which consists of a layer,
its output shape and parameter. The chosen layers type is shown with their respective output shape
which is produced based on the specifications shown in Section 2.
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Layer (type) Qutput Shape Param #
Istm_1 (LSTM) (None, 45, 56) 12092
dropout_1 (Dropout) (None, 45, 56) @
Istm_2 (LSTM) (None, 56) 25312
dropout_2 (Dropout) (MNone, 56) ]
dense_1 (Dense) (None, 28) 1148
activation_1 (Activation) (None, 28) 2]
dense_2 (Dense) (None, 5) 185
activation_2 (Activation) (None, 5) 2]

Total params: 39,549
Trainable params: 39,549
Non-trainable params: @

Figure 11: LSTM model layer by layer

Next, the training model by using the normalized dataset is proceeded, with 50 epochs (Figure 12).
For each epoch, 9200 samples of train data are used for the network model training. Upon completion
of one epoch, its execution time is shown alongside the values of accuracy and loss for model training.
The LSTM model training took more than 50s to complete one epoch thus making the overall execution
time for training longer. It can also be seen that the loss decreased, and accuracy increased towards the
end of epochs. These two values are then presented in graph form for further discussion in Section 3.4.1.

The next step is model testing which produced the accuracy of epilepsy identification made by the
trained model in Section 3.4.2.

hist=model.fit(((X_train[:,::4)=X_train.mean())/X_train.std()),Y_train[:,1:], epochs=58, batch_size=15, shuffle=True)

gggé:9;é39[==============================] - 815 9ms/step - loss: 8.3973 - accuracy: ©.8308
%%%é:9§é;e[::::::::::::::::::::::::::::::] - ETA: @s - loss: ©.3742 - accuracy: 8.83 - 79s 9ms/step - loss: ©.3742 - accuracy: .8
gggéjgggge[::::::::::::::::::::::::::::::] - 58s 6ms/step - loss: @.3356 - accuracy: @.8442
;ggs?g;ége[::: - 54s 6ms/step - loss: ©.2824 - accuracy: @.8618
5333793&38[::: =] - 53s 6ms/step - loss: ©.2592 - accuracy: ©.87@7
ggg;?ﬂ?ége[::: - 53s 6ms/step - loss: ©.2448 - accuracy: @.8746
gg;&?gzéga[::: - 53s 6ms/step - loss: ©.2381 - accuracy: @.8778
;gg;;ggéga[ ------ === - 54s 6ms/step - loss: @.2344 - accuracy: 0.8784
gggsigggze[::: ------------------------- ==] - 53s 6ms/step - loss: @.2327 - accuracy: @.8786

Epoch 1@/50
9200/9200 [===
Epoch 11/50
9200/9200 [==============================] - 545 6ms/step - loss: ©.2264 - accuracy: ©.8828

(@)

- 53s 6ms/step - loss: ©.2273 - accuracy: ©.8825

Epoch 49/50

9200/920@ [===================z=z===zzz=z] - 51 6ms/step - loss: 0.1603 - accuracy: ©.9233
Epoch 5@/50
9200/9200 [===============s=s============z] - 555 6ms/step - loss: ©.1617 - accuracy: ©.9233 @s - loss: 9.1617 - accura

(b)
Figure 12: (a) Start and (b) finish of LSTM model training at 50 epochs

3.3.2 ANN Model

Based on Figures 13 and 14, Model 1 took a longer execution time per epoch compared to Model
2. This might happen because of the total of hidden layers used. Nevertheless, the execution time for
ANN model training is still shorter than LSTM. The loss decreased and accuracy increased towards the
end of 50 epochs.
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histsmodel.fit(((X_train[:,::4]=X_train.mean())/X_train.std()),Y_train[:,1:],epochs=50, batch_size=15,shufflesTrue
Epoch 1/58

9200/9200 [ - 8s 906us/step - loss: ©.4061 - accuracy: ©.8308

Epoch 2/50

9200/9200 [ww=w - 75 726us/step - loss: ©.3097 - accuracy: 9.8514

Epoch 3/50

9200/9200 [==== ] - 7s 723us/step - loss: ©.2533 - accuracy: ©.8725

Epoch 4/50

9200/9200 [wwuw 7s 715us/step - loss: ©.2287 - accuracy: 0.8817

Epoch 5/50

9200/9200 [= - 7s 726us/step - loss: ©.2099 - accuracy: ©.8910

Epoch 6/50

9200/9200 [= ] - 7s 763us/step - loss: ©.2004 - accuracy: ©.8972

Epoch 7/50

9200/9200 (= 7s 744us/step - loss: ©.187@ - accuracy: ©.9851

Epoch 8/50

9200/9200 [= 7s 758us/step - loss: @.1737 - accuracy: 0.9127 ETA: @s - loss: ©.1
Epoch 9/50

9200/9200 (= ] - 7s 735us/step - loss: ©.1592 - accuracy: ©.9219

Epoch 10/50

9200/9200 (= ] - 7s 812us/step - loss: ©.1710 - accuracy: ©.9226 - ETA: @s - loss: ©.1699 - accuracy
0. - ETA: @s - loss: 9.1704 -
(@)
Epoch 49/50
9200/9200 [=ssssssssssssssssssnsssnnsnnns ] - 55 537us/step - loss: ©.8169 - accuracy: 8.9946
Epoch 58/50
9200/9200 [=sss=sssssssssssssssnsssnnsnnnn ] - 55 S21lus/step - loss: ©.8287 - accuracy: ©.9907
Figure 13: (a) Start and (b) finish of Model 1 training at 50 epochs
hist=model.fit(X_train, y_train_b,epochs=58, batch_size=15, shuffle=True)
Epoch 1/50
614/614 [==zs2z=z2szszszezzssass =] - 5s Sms/step - loss: ©.3882 - accuracy: 8.8934
Epoch 2/50
614/614 [==ssssssssssssssssnnnnnnnnnnnn ] - 3s 4ms/step - loss: ©.1423 - accuracy: ©.9587
Epoch 3/5@
614/614 [==== ========= ] - 25 4ms/step - loss: @.1132 - accuracy: 8.9647
Epoch 4/5@
614/614 [==== zzszas=s ] - 2s 4ms/step - loss: ©.0983 - accuracy: 9.9661
Epoch 5/50
614/614 [==== z=============== ] - 2s 4ms/step - loss: ©.8834 - accuracy: 8.9722
(@)
Epoch 48/58
614/614 [==============sz=s===s========] - 2§ 4ms/step - loss: ©.0178 - accuracy: @.9932
Epoch 49/50
614/614 [ - 25 4ms/step - loss: ©.0145 - accuracy: 8.9943
Epoch 5@/56
614/614 [==============================] - 25 4ms/step - loss: 8.0228 - accuracy: ©.9927

(b)
Figure 14: (a) Start and (b) finish of Model 2 training at 50 epochs.

3.4 Performance evaluation
3.4.1 Accuracy-Loss Graph for Model Training

The loss function and accuracy for the train data are then displayed in graph form as shown in
Figure 15. This graph is called learning curves and can be used to evaluate performance for model
training. The progression of the model in terms of its loss and accuracy usually is done because it is
important to check whether the two values are acceptable or not. This is based on the expectation that
the loss decreases and accuracy increases as the training process is done towards the end of epochs. For
all models, the loss and accuracy progression meet those expectations, proven by Figure 3.6. However,
the curves show some differences in their form. Based on the LSTM graph, the curves seem to show
some linear characteristics after 10 epochs, unlike both ANN models. Their accuracy curves seem to
reach stability after 20 and 10 epochs for Models 1 and 2 respectively. The loss curves also show the
same behavior. This behavior shows the optimal fit for learning curves which means the model training
is in a great performance.

This study only uses train and test data as it focuses on the specification for a model which is based
on past research that suggests dividing both of the data in train and test data ratio only [16]-[17].
However, for better performance analysis, the learning curves for validation data can be added for future
works. This is because the gap between train and validation data curves can show whether the model is
overfitting, underfitting, or in optimal condition. Overfitting happens when the network model can work
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well with train data but not with test data because it learns too many details and noise from the train
data. While underfitting happens when the network model cannot learn the patterns in train data
properly thus affecting the performance with test data.
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Figure 15: Training accuracy and loss graph against epochs for (a) LSTM, (b) ANN Model 1 and (c)
Model 2.

3.4.2 Accuracy score

Upon the completion of the training process with satisfying accuracy and loss values, the models
then undergo testing to prove the predictions on each trained model with an accuracy value. Table 1
shows the accuracy obtained for each network model. LSTM has the highest accuracy score. This proves
the fact that the use of the LSTM model is better than ANN models in identifying epilepsy for this
study.

Table 1: Accuracy for each model

Model Accuracy (%)

LSTM 98.87
ANN Model 1 97.78
ANN Model 2 97.57

Because of the different aspects in the model build, like the number of layers, activation function
and hyperparameters for the model training, the model prediction’s performance can be different. These
aspects become variable in a neural network construction as its performance can differ depending on
the determination of the aspects. A lot of research has been conducted by focusing on these kinds of
aspects like the variant of LSTMs [11],[18], dropout layer [19], activation function [11] and other
various parameters like hidden neurons and layers, connection and weight [20].

As an example, extra observation on the accuracy of this study network model is done to test the
effect of aspects change. Some aspect changes are made on the fit function hyperparameters (epochs,
batch size and shuffle) which are used for model training. The original hyperparameters are 50 epochs,
15 batch sizes and enable shuffle. The accuracy obtained after the changes is shown in Table 2.

For 50/15 of epoch/batch size pairs with shuffle set as true, network models ANN show higher
accuracy than shuffle set as false. The same goes with 40/64 pairs, LSTM and ANN-Model 1 show
higher accuracy with shuffle set as true.
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The table shows that the change of aspects affects model performance. If the hyperparameters are
changed, the accuracy value also can be changed. Even so, the hyperparameters solely cannot decide
the performance of every model network. Different models with the same hyperparameter setup usually
have different performances. Hyperparameter set for a simple network has different effects on a
complex network so usually, it is optimized by considering previous experience and research also with
try-and-error [20]. Most importantly, this comparison is made only for the purpose to prove the fact that
accuracy obtained for the prediction can also rely on other aspects instead of model types like LSTM
and ANN.

Table 2: Accuracy comparison between original and changed hyperparameters

Network model Epoch/Batch size
50/15 40/64 Shuffle
LSTM 98.87 % 98.87 % 98.89 % 98.91 % True
ANN-Model 1 97.78 % 97.74 % 98.22 % 97.87 % False
ANN-Model 2 97.57 % 97.48 % 97.35% 97.39 %

Aside from this study, there is a lot of research regarding the identification of epilepsy by using
different neural networks. The comparison of epilepsy identification or classification accuracy with past
research is shown in Figure 16. The highest accuracy obtained from Table 1 is chosen to be compared
in the graph. The accuracy obtained for this study might not be the highest but the performance that has
been shown deserves to be considered a suitable method for epilepsy identification.

99
g
285
2
08
975 I
07

Method [2] Method [4] Method [13] Method [14]
Epilepsy identification method

This project

Figure 16: Comparison of accuracy with the previous study
4. Conclusion

In this study, the LSTM maodel built for the identification of epilepsy shows a great accuracy value
(98.87%). With the correct and suitable layers, the LSTM model can be functioned and be trained
efficiently. The performance evaluation for the model is helpful as the model can be justified for
prediction done by it with the help of learning curves of the trained model and accuracy value. Plus, by
using the pre-processed data, the process becomes more smooth. Comparison done with ANN models
is also helpful as the difference in model build and aspects which might affect the performance can be
a reference for future work.

In addition, some measures can be done to improve the whole system. To build a more significant
RNN model, the dataset should be split into train, validation and test data. Providing a suitable ratio of
data for validation is important and test data is better not used in model training as validation data
because the model can become overfit. The evaluation performance for this study by doing the
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comparison with other DNN models is a great action. So, for future work other kinds of model
algorithms like CNN, DBN and others can be used. In addition, the processing timing is expected to be
reduced for the respective number of system configurations with the use of a real-time dataset. Then
from the algorithm, an evaluation can be done. The future study also recommended being upgraded so
the system can distinguish the severity of epileptic seizures based on the EEG signal.
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