akH| Zat oS

Predicting the Results of a Memory Task using Deep Learning Models Based on

Convolutional Neural Network
Hyung-Tak Lee'2, Soyeon Jun®, June Sic Kim*, Chun Kee Chung>°, Han-Jeong Hwang'*
Department of Electronics and Information Engineering, Korea University, Korea!
Interdisciplinary Graduate Program for Artificial Intelligence Smart Convergence Technology, Korea University, Korea®
Neuroscience Research Institute, Seoul National University Medical Research Center, Korea?
Research Institute of Basic Sciences, Seoul National University, Korea*
Department of Brain and Cognitive Science, Seoul National University, Korea’
Department of Neurosurgery, Seoul National University Hospital, Korea®
“hwanghj@korea.ac.kr

Abstract

Most of previous studies related to decoding a memory task have used brain activity measured in a retrieval session. The purpose
of this study is to predict the results of a memory task in an encoding session during memorizing given items. To this end,
intracranial electroencephalography (iEEG) data were measured from three epilepsy patients during a memory task, and the
iIEEG data measured in an encoding session were used to predict correct and incorrect trials using four deep learning models
based on convolutional neural network. The highest classification accuracy was 71.3 £ 2.8%, demonstrating that an encoding
session can be used to predict the results of a memory in advance.
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