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« Automating the classification of rsfMRI network
components can provide valuable access to this
emerging form of pre-operative care

‘Time-series Correlation: Hierarchical relationships
between network components were evaluated when the
multi-class predictor achieved low confidence; strongly
correlated components indicate similar neuronal firing
The Problem patterns; low confidence multi-class prediction and
network correlation indicates unidentified brain network

« Current pre-operative planning in brain surgery relies
on sparse task-based fMRI readings to identify critical
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« Multi-class Prediction: A shallow convolutional neural
network with custom architecture was implemented Future Work
that can handle variable output class ranges based on
noise filtering and component granularity; network is « Validation on cases of brain lesion
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