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Fig. 4: Information Transfer Rate (ITR) across 15 repetitions for various models: (Left) Subject A, and (Right) Subject B.

» P3T achieved a CRR of 95% after 12 repetitions, achieving the highest CRR compared to other models

> P3T achieved ITR of 20.52 bits/min in 3" repetition, the highest reported ITR for this dataset
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