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Multilinear regression and applications

p Tensor representation of multidimensional data
e EEG, ECoG (spatial, temporal, frequency, epoch,...)
e Physical meaning - ease of interpretation

p From multivariate to multi-way array processes - partial least squares (PLS)
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Prediction of ECoG from
scalp EEG recorded simultaneously

p Standard PLS applied on matricization of both X
and Y

® Small sample size problem

® Opverfitting problem (high dimension of subspace basis)

# channel

® |ack of physical interpretation for loadings

time-frequency
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Key advantages

Small sample size

HOPLS: better prediction
' performance and
enhanced robustness to
noise
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Number of latent vectors

Number of latent vectors

| Stability of the performance of
| HOPLS, NPLS and PLS for a

varying number of latent

| vectors under different noise

conditions



