The 30th Annual Conference of the Japanese Society for Artificial Intelligence, 2016

1G4-0S-11a-4

N-backOD O OO OOO CNNO LSTMO OO O
INIRSOU O UOUOOOooooooogoooog

The classification of fNIRS time-series data during N-back task
and the estimation of related regions using CNN and LSTM
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We developed a machine-learning algorithm to extract the ROIs of human brain. CNN and LSTM were utilized
to classify cerebral blood flow changes measured by fNIRS. The number of units in an input layer was equivalent
to that of fNIRS measurement channels, and the units were placed according to the channel location to correspond
to the brain surface. INIRS data during N-back task (N=2,3) were input to our algorithm, and it was optimized to
classify the workload of task. We achieved the classification accuracy of 91.4%. Moreover, we input a single channel
data to corresponding unit of obtained classifier as well as inputting zero to other channels. This procedure was
repeated for all channels, and the ROIs correspond to channels with better classification accuracies were identified
as task-related ROIs. We successfully extracted DLPFC and APFC as task-related ROIs.
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