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Overview and aims

* Increase the robustness of EEG processing so that the EEG can be regarded as a true
spatially- and temporally-resolved cortical imaging modality.

* Reliable Independent components at a single-subject level and disentangle
information from noise by helping in the selection of the source modeling complexity

e Statistical Reliability

* Physiological Plausibility

Contents lists available at ScienceDirect
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The Need of statistical reliability and physiological plausibility

RELIABILITY
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MIR And dipolarity go well together
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Independent EEG Sources Are Dipolar
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RELICA Outline
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Clustering results example
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Within-cluster reliability

The distribution of dipolarity within the cluster helps assessing the quality and characteristics of

Independent Components
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Reliability criteria and the rv<15%

First justification why we should select an r.v <15% for components to include in further analyses: there

is a forbidden region underlined in red, that indicates the absence of
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Pairing with a different algorithm
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TO CONCLUDE: TAKE HOME MESSAGES

1. SELECT RV<15%
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