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W e use smo othing regression techniques to estimate of ERPs

P D pu
f(x)= g WaAa(x) + wo
W e need to estimate
D - a numb er of basis functions

fAqo0_, - a form of basis functions
fwggl):0 - weighting coezxcients

W e address the problem of (temp oral) correlated errors (noise)

We compa re kernel partial least squares (PLS) regression, smo othing
splines (SS) and wavelet smoothing (WS) techniques on generated
and real ERP data




Kernel PLS Regression

2 data sets:

X (Nobj ects £ Nvar iables )
Y (Nobjects £ Mresponses )
{ zero-mean

decomp osition:
X=TP T +E
Y =UQT +F

T;U matrix of score variables (LV, comp onents)
P;Q matrix of loadings
E;F matrix of residuals (erro rs)




PLS - bilinear decomp osition of X and Y with the aim to
maximize

maxX;y = jsj=1 [COV(Xr ;Ys)]? [cov(Xw ;Yc)]?
var (Xw )[corr (Xw ;Yc)]?var(Yc)

[cov(t; u)]?

The weights w;c can be found using iterative NIPALS algo rithm
or by solving:
XX TYY Tt =t
u=Yy Tt

Nonlinea r (kernel) PLS - linear PLS in feature spaces Fx;Fy

©© Taa Tt =

5

u=23aa Tt




Example of nonlinea r (kernel) mapping




Fitting of ERP using kernel PLS regression
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-— ERP

—— KPLS estimate (20)

—— 1st pls score vector
2nd pls score vector

—— 3rd pls score vector
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cal Kernel PLS Regression

2 Soft clustering: r - vector of weights

X
rg = r; Rq=diag(r) ; J = ones(n; 1) ; |

To
©r = R4q(©j J r ) ; mean(©y)

2 Kernel variant;

Kr=©0 =




Example of kernel PCA comp onents and kernel PLS comp onents

1 T T T 1 T T T
dash-dot : 1st PC dash-dot : 1st C
dash :2nd PC dash :2nd C
dots : 3rd PC dots :3rd C




Example of local kernel PLS regression

1t 4 1F




Fitting of ERP using local kernel PLS regression

weighting funct.
ERP

KPLS estimate (10)
LKPLS estimate (10)
1st pls score vector
2nd pls score vector
3rd pls score vector
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Smo othing Splines
1 X Z
2 ming (= (yii foa)2+,  (F@(x)%dx
n . .
| =
natural cubic splines with knots at x; ;i

2 Complete basis ! shrink the coezxcients toward smo othing

W avelet Smo othing

2 Complete orthono rmal basis ! shrink and select the coexcients
toward a sparse representation

2 Wavelet basis is localized in time and frequency

Correlated Noise Estimate
2 measured signal; = ERP; + (on-going EEG + measur. noise)

2 We compute cov(measured signal; - avg(measured signal))




2 Generated data:

Event-Related Potentials (N1,P2,N2,P3)
+

relax state spatially distributed EEG signal + white Gaussian noise

Real ERP data:
ERPs recorded in an experiment of cognitive fatigue
(see Len Trejo et. al.,, poster no. 36)




Generation of ERPs using BESA soft ware
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Results on noisy event related potentials (ERPs)}{20 di®erent trials were used. Averaged SNR over the

trials and electro des was equal to 1:3dB (min=  7:1dB, max= 6:4dB) and 512 samples were used.

NRMSE - normalized root mean squared error; SRC - Spearman’'s rank correlation coezcient.




Cz - averages

median SRC/SS
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Pz - averages : O1 - averages

avgERP
— SS
— KPLS
— LKPLS
— avg(CERP)
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Results on ERPs recorded on a cognitive fatigue experiment

Early trials — avgERP Late trials
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Results on ERPs recorded on a cognitive fatigue experiment

—— avgERP
Early trials —— avgSs Late trials
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Sample of two ERPs trials recorded on a cognitive fatigue experiment
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Kernel PLS provides compa rable results with existing state-of-the-a rt
smo othing and de-noising techniques

Multiva riate (lo cal) kernel PLS allows straightfo rward extension to

estimate of spatio-temp oral structure of EEG recordings

The construction of the (lo cal) kernel PLS regression basis allows to
incorp orate the prior knowledge about the signal of interest

Further study of correlated noise structure estimates
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