A solution to the dynamical inverse problem of EEG
generation using spatiotemporal Kalman Itering
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1. Introduction

Thiswork deals with the problem of estimating the spatially extended
sources of the eectroencephalogram (EEG) from corresponding scalp
recordings of the EEG, i.e to solve the inverse problemof estimat-
ing the current distribution within human brain. We introduce a new
approach for obtaining such solutionsin a fully dynamical framework,
using not only the EEG measurementsat oneinstant of time (asit was
the case with various previous algorithms, such as LORETA), but the
full time series recorded simultaneoudly at all eectrodes. The resulting
dynamical inverse solutionsare compared with LORETA solutions.

2. Method

In this study a discretisation of space into a set of Ny = 3433 voxels
is employed (covering only cortical gray-matter areas); at each voxe
a 3-dimensional time-dependent current vector is estimated. These
3*3433=10299 unobserved quantities are regarded as the state of a
dynamical system denoted by J(t). This state is assumed to evolve
according to an autoregressive dynamical equation:

J)=F 3t DIt 253t pi# + (1)
where p denotesthe positive integer model order, (t) denotesa vector
of dynamical noise and # denotes a vector of parameters.

The EEG time series Y (t) (as observed at nc = 18 dectrodes) results
from an obsevation equation:
Y(t)= K@)+ () ,

whereK denotesanc 3Ny transfer matrix (lead el d matrix), which
can approximately be modeled [2], and (t) denctes a vector of obser-
vational noise.
The task of estimating J(t) from given Y (t) is interpreted as a high-
dimensional state Itering problem. It can be approached by a new
variant of Kalman Ite ring which allows to decompose an intractable
high-dmensional Itering problem into a set of coupled tractable low-
dimensional Itering problems. Each of these problems is centred at
one voxel. Thein uence of al other voxels is regarded as an exoge-
neous variable which does not contribute to the state prediction and
state estimation covariances of the Kalman  Iter.
BUT: The function F J(t  1);J(t 2);:::;J(t p) is unknown.
Assumptions:

F islinear.

Themode order pisat most 2.

Direct interactions exist only between neighbouring voxels.

(t) is Gaussian with diagonal covariance matrix C = 21p,.
(t) is Gaussian with covariancematrix C = (VL) 1, whereL is

adiscrete spatial 2nd-order derivative matrix.
Then thevector of unknown parameters (#; 2 2) isof low dimension.
These parameters can be estimated by minimisation of the Akaike In-
formation Criterion (AIC), i.e. by a maximumAikelihood approach [3]:

AlCH; 2 2=
ZP N logjR(tj j YR(t ] 1
t=1 l0gIR(tjt D+ Y(OYREjt 1) - Y(t)
+nclog(2 ) + 2 dim@) + 2

where Y (t) denotes the observation prediction error, jR(tjt 1)
denotes the determinant of the observation prediction error covariance
matrix and N denotes the length of the EEG time series.
The state estimation covariance matrix of the Kalman Iter naturally
provides error estimates for the estimated currents 3 (tjt); for LORETA
[1] error estimates can be obtained from Bayesian arguments.

3. Results: Analysis of Simulated EEG

Wedesign asmpledeterministic spatiotemporal brain dynamics, driven
by two sources of alpha-like oscillation. By multiplication with the lead
eld matrix we obtain smulated EEG:

Thenext gureshowstheresulting inverse solutions for a voxe in right
medial frontal gyrus (left) and for a voxd in left superior frontal gyrus
(right). Al, A2 show the truth (i.e. the smulated sources); B1, B2
show the instantaneous inverse solution (LORETA) [1]; C1, C2 show
the dynamical inverse solution using the smplest possible dynamical
modé for F, an AR(1) mode; and D1, D2 show the dynamical inverse
solution using the true dynamical model. Blue lines: estimates; green
lines error intervals (95% con denceintervals).

Next the spatial digtribution of local current vector length at one in-
gant of time (shown by ared linein the corresponding EEG  gure) is
shown for these four cases (IS = inverse solution):

Result: If the true dynamical modéd is known (case D), the inverse
solution is very smilar to the truth (case A).

4. Results: Analysis of Clinical EEG

Two seconds from a dlinical EEG (healthy male child, 8.5 years, awake,
eyesclosad) arechosen (samplingrate: 256 Hz); thisdata set waschosen
in order to study the localisation of alpha activity:

Thenext gure showstheresulting inverse solutions for a vaxe in right
cuneus (left) and for a voxd in right medial frontal gyrus (right). B1,
B2 show the ingantaneous inverse solution (LORETA); C1, C2 show
the dynamical inverse solution using an AR(1) mode for F; and D1,
D2 show the dynamical inverse solution using an AR(2) mode. Blue
lines: estimates; green lines: error intervals (95% con dence intervals).

Next the spatial distributions of current vector length at two instants
of time (shown by a red and a green line in the corresponding EEG
gure) are shown for these three inverse solutions:

Result: Given the same data and thesamelead eld matrix (such that
no scaling e ects have to be taken into account) , the dynamical inverse
solutionsare nding a much more focussed source of alpha ocillation in
theoccipital area, as compared with the instantaneous inverse solution.
Furthermore, consderable qualitative di erences between these three
inverse solutions can be seen also within other areas of brain.

Values of the Akaike Information Criterion (AIC) for thesethreeinverse
solutions [3]:

AIC
LORETA 1123284
dynamical 1S, AR(1)-model 88990.1
dynamical IS, AR(2)-model 871313

5. Summary

By introducing dynamical inverse solutions we have shown a sysem-
atic way to link the temporal aspect of EEG time series moddling with
the spatial aspect of instantaneous inverse solutions.

For this purpose a new spatiotemporal Kalman Iter was designed,
which is suitable to deal with high-dmensional state vectors.

Theuseof the AIC (i.e an etimator of Boltzmann entropy) enables
the comparison of di erent dynamical inverse solution, thereby provid-
ing us with a systematic tool for developing spatiotemporal dynamical
modes [3].

Both for instantaneous and dynamical inverse solutions the estima-
tion error can be quanti ed. While error intervals for LORETA are
repeatedly very large (rendering these inverse solutions insigni cant),
eror intervals for dynamical inverse solutions have reasonable size.

Spetiotemporal modeling yields spatially resolved estimates of dy-
namical noise, which may serve as a source of information about lo-
calised atypical behaviour in brain.

Due to the nonlinear parameter estimation step this new tech-
nique is much more time-consuming than instantaneous techniques like
LORETA [1].
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