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Why does the brain’s response to repeated identical PRIME demonstrates higher prediction performance
TMS pulses vary and why does it matter? than ablated versions
 Transcranial magnetic stimulation (TMS) is widely used in brain research and Aggregate prediction performance

treatment of brain dysfunctions.
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offline pretraining online continual learning - Baseline: Feature-based binary classification (LR, RF, SVM) with temporal

sequential split, limited to the most extreme trials (highest and lowest 200 MEP

Next trial MEP prediction and stimulation decision amplitudes).

real-time EEG preprocessing PRIME predicted MEP size stimulation decision » Differences in prediction performance between subjects from the same dataset
— ele are consistent across methods.
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