Towards user-centric brain-computer interface
design: Unsupervised learning and Markov chain-
based methods to understand user capabilities
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Introduction
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New models provide descriptive
information about our ability to
control brain signals and pave the
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way for user-centric brain-computer

interface design

Brain-computer interface (BCI) use is limited by "BCI Inefficiency,” where users
struggle to produce brain signals that can be reliably recognized

Potential solutions: improve user performance via training and/or optimize
classifiers to better leverage user abllities

Both approaches require descriptive measures of user performance
Current classifier-based performance measures are limited

With aim of describing user abllities, we designed two user-performance
metrics formulated using pattern clustering and Markov chain models
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Participant profiles

» Further insight provided by

Participant F1 Score

participant profiles
« State distributions (left) show
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Apply clustering methods to define state space of distinct pattern states that » Transttion probabllities (right)
users can produce, independent of task labels
Segment trials into shorter temporal windows

Observe the pattern state for each temporal window
Represent trials as a stochastic sequence of pattern states

Model transitions between pattern states as a Markov chatn

indicate temporal dynamics

of pattern evolution and
abtlity to maintatn task e

specific patterns Lo

Conclusions and Future Directions
» User assessment approach and metrics yield insights into user performance

Performance metrics

High performer (P14)

Task Activation Patterns

Rest Transition Matrix

0514 0.148 0.162 0.175
0.142 0474 0.187 0.197
0.134 0.138 0.483 0.245
0.079 0.092 0.164 0.666

Moderate performer (P10)

Rest Transition Matrix

0.071 0.127 0.103 0.084

Task 1 Transition Matrix

0.061 0.112 0.161 0.054
H, = 2.207

Task 2 Transition Matrix

0414 0.204 0.153 0.229
0.100 ~ 0.588 0.083 0.229
0.203 0.257 0.284 0.256
0.073 0.197 0.074 0.655
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Task 2 Transition Matrix

0.100 0.108 0.130 0.059
H, = 2.206

Task 3 Transition Matrix

0.053 0.157 0.141 0.024
H3 = 1.958
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i=1 j=i+1 1 + Hrest * Next steps: Develop training & feedback centred on model & metrics

Measures abllity to produce distinct
patterns for d
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