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Introduction Data Processing

In some diseases, cognitive abilities remain intact, but individuals are unable to speak
(e.g., locked-in syndrome). / EEG Processing \ / Machine Learning Process \
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Independent Component Analysis (ICA

Can we achieve the same
with
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Method
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The ICA components were used directly as

' features, without excluding any of them.
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T'rue positives
F'1 score =

True positives + 0.5(False positives + False negatives)

Conclusions

* |dentification of linguistic content (Overt vs. Silence vs. Covert classification).
 Feature extraction methods: Multi-Wavelet > ICA.
 Unable to decode specific vowels.
* For future research, we will compare performance using Deep Learning models for the classification process.
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