The 3rd International Electronic Conference on Processes
29-31 May 2024| Online

ECP
Detecting epileptic seizures by analyzing brain waves with Long Short-

2024 Term Memory networks

Conference

Souhaila Khalfallah 2, Kais Bouallegue @

1*Department of Electrical Engineering, National School of Engineering of Sousse, University of Sousse, 4054, Sousse, tunisia.
2 Laboratory of Electronic and Microelectronic, Faculty of Sciences of Monastir, University of Monastir, 5019, Monastir, tunisia.
3 Department of Electrical Engineering, Higher Institute of Applied Sciences and Technology of Sousse, University of Sousse, 4003, Sousse, tunisia.

m
n
souhailakhalfallah7@gmail,com , kais_bouallegue@yahoo,com 'ms at

dgans i seidell diikengl] d ) sl

INTRODUCTION & AIM RESULTS & DISCUSSION
Epilepsy is a neurological disorder characterized by recurrent, unprovoked seizures -Inter-Ictal sub bands- -Ictal sub bands-
affecting around 50 million people worldwide. It involves abnormal electrical activity in g 2] W\W
the brain, leading to various symptoms such as convulsions, loss of consciousness, and sl ' T A | S “\/MWVVW
sensory disturbances. WAWMW g omor WW\AA/\/\/“WMWWW
The Electroencephalogram (EEG) is a non-invasive method used to diagnose brain S | | o, | | : . , r— . ,
Ilinesses. While EEG recordings are essential for diagnosing epilepsy, manually detecting MMNWMMNWWM\/\/WMA/MWN\/\/W\[W WWWWMWWWMMWMWWWWWMMM
seizures Is a lengthy process. Automated techniques are required to expedite this task; 5 | | N | | da ' oo ' '
however, despite the existence of several successful methods, the decision-making 2o WWWMMWMMMMMMMMMMWMMWW\W 5 L e e
processes of these machine learning algorithms remain black box and difficult to interpret. , = G Sane ) | | " Gomma sana_ | |
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Figure.3 Power spectral density distribution on electrode map for Inter-ictal and ictal states
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CHB-MIT Dataset:
22 Epileptic: 5 males, ages 3-22; \
and 17 females, ages 1.5-19.
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Figure.4 Training and validation accuracy Graph
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Table I. Mean performance of the classification model LSTM.
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Figure.1 Proposed model. a) Block diagram of an EEG-based diagnostic system b) Long Short Term Memory
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subbands corresponding to brain activities (alpha, Figure.6 'IT"F;; (;r)1atrix of LIME values
05 beta, gamma, theta, and delta) to analyze the spatial

and temporal independencies of the signal.

,' > a4 W classified the decomposed output into ictal and
: (eX —e™® interictal classes using our LSTM model, which e ~N
'@ Tanh : f(x) = (€ +e¥) &) effectively addressed the vanishing gradient problem. CONCLUSION
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@ softmax(z;) = SE om The main objective of this work is to evaluate the « we propose an active learning method for seizure detection for epileptic patients
forj=1 = utility of explanations generated by XAl techniques, « This paper evaluates the techniques of XAl in interpreting and clearing the selection of features
S such as_SHAP and_LocaI Interpr(_ata_ble I\{IerI- in a black box model,
Figure.2 Activation Function: Tanh for Agnostic Explanations (LIME), in identifying \_ W,
LSTM layers & Softmax for dense layer epileptiform patterns in EEG signals. - ~N
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