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The brain’s electromagnetic field (EMF)

Notation:
o M/EEG signal x;[t] € RV
o N electrodes (32-256)
o Timet=1,...,T
o Triali=1,....M
@ Exp. condition ¢; € {—1,+1}

Experimental data:
(] (C,',X,') ~ p(C,X)
e D= {(Cl, X]_), ey (C/\//,X/\//)}
o Typically i.i.d. sampling is
assumed
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Decoding models

@ Given a certain brain-state, what is
the probability of an experimental x[t]]
e
U ) t

condition: p(c|X)?
@ The (optimal) Bayes classifier:
& = f(X;) = argmax{p(Xi[c)}
@ Examples of classification methods:

» Linear discriminant analysis (LDA)
» Support Vector Machines (SVM)
» Gaussian Processes (GP)

@ Prediction error P, :=1— P(¢ = ¢)

Signal amplitude

¢ = argmax.{p(zc)}

p(xcr)

@ Advantage: Robust against
(measurable) noise.
& = sign{xi[t] — By[t:]} = ci

: /

o Disadvantage f : RN*T s {—1,4+1} c
needs to be learned from D. xi[t1] = ac; + Byi[t]
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f:RNXT s {1 41} has to learned from training data D. The number
of training samples needed to find the best f € F scales with

@ the model complexity,

@ and the number of features N x T.

Decrease in number of features
and/or decoder complexity

Generalization error

Size of training set

To learn a good classifier with limited training data, we should
@ reduce N and T without discarding information relevant for c,

@ and find a simple representation of X.
(Hastie, Tibshirani, & Friedman. The Elements of Statistical Learning. Springer, 2009)
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Reducing the number of M/EEG channels (N)

Spatial filtering of M/EEG data:
y[t] = wTx[t] = w' Ls[t] = g"s[t]

o Source vector s[t] € R¥
o Leadfield matrix L € RV*K
o Spatial filter w € RV

e Gain vector g € RX
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Reducing the number of M/EEG channels (N)

Spatial filtering of M/EEG data:
y[t] = wx[t] = w' Ls[t] = gTs[t]

o Source vector s[t] € R¥

o Leadfield matrix L € RVxK
o Spatial filter w € RV

o Gain vector g € RK
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Beamforming

(Van Veen et al. Localization of brain electrical activity via LCMV spatial filtering. IEEE TBME, 1997)
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relevant sources:

@ Pick a cortical target source s*

@ Compute the forward solution a = Is*
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Unsupervised method based on a-priori knowledge of the spatial origin of
relevant sources:

@ Pick a cortical target source s*
@ Compute the forward solution a = Is*

e Compute the M/EEG covariance
matrix ¥ € RVXN

@ Solve the optimization problem
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Beamforming

Unsupervised method based on a-priori knowledge of the spatial origin of
relevant sources:

Pick a cortical target source s*

*

Compute the forward solution a = Is

Compute the M/EEG covariance
matrix ¥ € RVXN

@ Solve the optimization problem
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Beamforming

Unsupervised method based on a-priori knowledge of the spatial origin of
relevant sources:

Pick a cortical target source s*

Compute the forward solution a = Is*

Compute the M/EEG covariance
matrix ¥ € RVXN

@ Solve the optimization problem
w = argmin, {w'Zw} st. wla=1
w=a'r1/(aT¥1a)

Check the gain vector g =w' L
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Beamforming

Unsupervised method based on a-priori knowledge of the spatial origin of
relevant sources:

Pick a cortical target source s*

Compute the forward solution a = Is*

Compute the M/EEG covariance
matrix ¥ € RVXN . _

http://www.canada-meg-consortium.org/

@ Solve the optimization problem
w = argmin, {w'Zw} st. wla=1
ew=a'r1/(a"xla)

Check the gain vector g =w' L

Apply the spatial filter: y[t] = wx][t]

(Van Veen et al. Localization of brain electrical activity via LCMV spatial filtering. IEEE TBME, 1997)
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Common Spatial Patterns (CSP)

(Ramoser et al. Optimal spatial filtering of single trial EEG during imagined hand movement. IEEE TBME, 2000)
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Common Spatial Patterns (CSP)

Supervised method to find spatial filters that discriminate between two
conditions:
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M. Grosse-Wentrup (MPI-IS) M/EEG Decoding & BClI June 8, 2014 11 /20



Common Spatial Patterns (CSP)

Supervised method to find spatial filters that discriminate between two
conditions:

o Covariance matrices L o—y1 & Y= 1

(Ramoser et al. Optimal spatial filtering of single trial EEG during imagined hand movement. IEEE TBME, 2000)

M. Grosse-Wentrup (MPI-IS) M/EEG Decoding & BClI June 8, 2014 11 /20



Common Spatial Patterns (CSP)

Supervised method to find spatial filters that discriminate between two
conditions:

o Covariance matrices L o—y1 & Y= 1

@ Optimization problem:

wi'Y 1w }

W = argmax,, {WTZC:_lw

(Ramoser et al. Optimal spatial filtering of single trial EEG during imagined hand movement. IEEE TBME, 2000)

M. Grosse-Wentrup (MPI-IS) M/EEG Decoding & BClI June 8, 2014 11 /20



Common Spatial Patterns (CSP)

Supervised method to find spatial filters that discriminate between two
conditions:

o Covariance matrices L o—y1 & Y= 1

@ Optimization problem:

wi'Y 1w }

W = argmax,, {WTZC:_1W

@ Solution: Largest A for which
ST W = Aw

(Ramoser et al. Optimal spatial filtering of single trial EEG during imagined hand movement. IEEE TBME, 2000)

M. Grosse-Wentrup (MPI-IS) M/EEG Decoding & BClI June 8, 2014 11 /20
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Supervised method to find spatial filters that discriminate between two
conditions:

o Covariance matrices L o—y1 & Y= 1

@ Optimization problem:

wi'Y 1w }

W = argmax,, {WTZC:_1W

@ Solution: Largest A for which
ST W = Aw
e Matlab: [V,D] = eig(Xc—t1,Xc=—1)
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Reducing the number of time points (T)

The brain cares about oscillations:
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Reducing the number of time points (T)

The brain cares about oscillations:
o DTFT(y[t],w) = 1/7-2;—01 yi[tle et
o zj[w] = log|DTFT(y;[t],w)]
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Reducing the number of time points (T)

10°

The brain cares about oscillations:
o DTFT(yift],w) = 1/T 1 yilt]le 7
o zj[w] = log|DTFT(yi[t], w)|
o Zj = {z[d], z[0], zi[a], zi[B], zi[7]}
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Reducing the number of time points (T)

The brain cares about oscillations:
o DTFT(yift],w) = 1/T 1 yilt]le 7
o zj[w] = log|DTFT(yi[t], w)|
o Zj = {z[d], z[0], zi[a], zi[B], zi[7]}
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Reducing the number of time points (

The brain cares about oscillations:
o DTFT(yift],w) = 1/T 1 yilt]le 7
o zj[w] = log|DTFT(yi[t], w)|
o Zj = {z[d], z[0], zi[a], zi[B], zi[7]}

@ For log-bandpower features, linear 107
decoders appear sufficient.
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(van Albada & Robinson, Frontiers in
Human Neuroscience, 2013)
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unding by EOG-artifacts

Eye-blinking Horizontal eye-tracking
2-4Hz 4-8Hz 8-12Hz
8-12Hz

o
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(=]
Coefficient of determination
Coefficient of determination
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Confounding by EMG-artifacts
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Outline

© Brain-Computer Interfacing
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Large-scale brain networks

(Adapted from Fox et al., 2005)
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Can large-scale cortical networks be observed in the EEG?

(Fox et al., PNAS, 2005)

(Grosse-Wentrup & Schélkopf, High Gamma-Power Predicts Performance in SMR BCls, Journal of Neural Engineering, 2012)
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Patient GH: Neurofeedback of parietal d-power

M. Grosse-Wentrup (MPI-IS) M/EEG Decoding & BClI June 8, 2014 18 / 20



Patient GH: Neurofeedback of parietal d-power

Classification Accuracy [%]
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Patient GH: Neurofeedback of parietal d-power
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Patient GH: Neurofeedback of parietal d-power

85 T T T T T T T

80 s Offline

smmm= (Online

-

70 - -
65 - ml
60 -
55 [ ml
50 -

Classification Accuracy [%]

45
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Session Number

Mean offline/online decoding accuracy: 71.3%/64.4%
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Patient GH: fMRI-study

1% Delta-Band (2-4 Hz)

Session Average
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Patient GH: fMRI-study

12 Delta-Band (2.4 Hz)
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Patient GH: fMRI-study
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