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Introduction: An electroencephalography (EEG)-based brain-computer interface (BCI) that uses the P300
response usually collects data from a default set of electrodes with fixed locations. Studies have shown that P300-
based BCI performs better when used by healthy participants compared to those with impairments [1,2]. While
there are studies on electrode selection and the impact on BCI accuracy [3,4], to our knowledge there is no
systematic analysis on electrode selection using data of populations with impairments. Custom electrode subsets
could address potential physiological difference among individuals, and thus might be particularly useful for
subjects with impairments. This study investigates the effect of a customized electrode subset on P300-BCl
accuracy, in particular for subjects with cerebral palsy (CP).

Methods: The selection method is adapted from McCann et al. [4]. In brief, the program uses a forward-search
greedy algorithm to search for an electrode subset of size 16 among all the available 32 electrodes (Fig. 1). While
there is no guarantee of a global maximum, the same study shows no statistically significant difference in
performance between subset results from an exhaustive search and one from a greedy forward search. Best
performance is defined as the highest accuracy in identifying a user's intended selections. Performance of the
subject-specific subsets is compared to the default 16-electrode subset (Fig. 1).

An offline analysis was performed on data from a four-target
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with a paired 2 sample t-test) in P300-based BCI accuracy after ® & @ Sk & &
10 sequences is shown with a mean improvement of 3.24 + s @ HE&E o
4.56%. Seven of the most-selected 15 electrodes (CP5, CP2, Pz ' 2
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reaches above 75% accuracy using the selected custom

electrodes subset.

Conclusion and Significance: Subject-specific electrode selection improves P300-based BCI accuracy. The pilot
data demonstrates that a custom electrode subset might allow more people to effectively use the BCI, in
particular in populations with impairments.
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