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Often MEG/EEG is measured in a few slightly different conditions to
investigate the functionality of the human brain. This kind of data sets
show similarities, though are different for each condition. When solving
the inverse problem (IP), performing the source localization, one
encounters the problem that this IP is ill-posed: constraints are
necessary to solve and stabilize the solution to the IP. Moreover, a
substantial amount of data is needed to avoid a signal to noise ratio
(SNR) that is too poor for source localizations.

In the case of similar conditions, this common information can be
exploited by analyzing the data sets simultaneously. The here
proposed coupled dipole model (CDM) provides an integrated method
in which these similarities between conditions are used to solve and
stabilize the inverse problem. The coupled dipole model is applicable
when data sets contain common sources or common source time
functions.

The coupled dipole model uses a set of common sources and a set of
common source time functions (STFs) to model all conditions in one
single model. The data of each condition are mathematically described
as a linear combination of these common spatial and common temporal
components. This linear combination is specified in a coupling matrix
for each data set.

The coupled dipole model was applied in two simulation studies and
in one experimental study. The simulations show that the errors in the
estimated spatial and temporal parameters decrease compared to the
standard separate analyses. A decrease in position error of a factor of
10 was shown for the localization of two nearby sources. In the
experimental application, the coupled dipole model was shown to be
necessary to obtain a plausible solution in at least 3 of 15 conditions
investigated. Moreover, using the CDM, a direct comparison between
parameters in different conditions is possible, whereas in separate
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models, the scaling of the amplitude parameters varies in general from
data set to data set.
© 2004 Elsevier Inc. All rights reserved.
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Introduction

To investigate the functionality of the human brain, MEG/EEG
is often measured in a few different but similar conditions. This
way, the influence of a certain experimental parameter on the
activity of the brain can be examined. For example, a common
experimental paradigm for investigation of the visual cortex is the
presentation of checkerboard patterns in different visual fields
using varying check sizes. In this kind of experiments, the
measured MEG/EEG data of the different conditions will be
different, though there are similarities too.

In the source localization of these data, the inverse problem
(IP) of MEG/EEG, these similarities can be exploited. The IP is
in general ill-posed; assumptions (e.g., head model, source model,
number of sources) are necessary to solve the problem. Moreover,
often extra constraints (e.g., mirror symmetry) are needed to
stabilize the IP. Secondly, a low signal to noise ratio (SNR)
results in unstable solutions to the IP. The SNR of single trials in
MEG/EEG measurements is usually too poor to perform source
localization on single trial basis. Therefore, a first approach to
take more data into account is to average repeated measurements
to increase the SNR. Finally, a third problem with solving the IP
using the common equivalent current dipole source model is
instability due to nearby sources: two closely localized dipole
sources having nearly opposite orientations and unrealistically
high magnitudes.
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In the case of similar conditions, the IP can be stabilized using a
component model. A component model uses a set of basic spatial
and temporal components and the data are described as linear
combinations of (some of) these basic components. The similarity
between conditions is reflected in the usage of the same basic
components in different conditions.

Component models have been designed before. The topographic
component model (TCM) (Mocks, 1988) decomposes EEG data of
multiple subjects into a sum of topographic components, each
component consisting of a scalp distribution and a (nonparametric)
time series. In Field and Graupe (1991), the TCM is applied to real
data. Extensions of the TCM can be found in Achim and Bouchard
(1997), Turetsky et al. (1990), and Wang et al. (2000).

Turetsky et al. (1990) extend the TCM by using dipolar sources
(Scherg and Von Cramon, 1985) as spatial components and
parametric, predefined time courses to describe data of different
subjects. In Achim and Bouchard (1997), the TCM is extended by
allowing different durations and different latencies of the temporal
components for each condition. Wang et al. (2000) decouple the
spatial and temporal components and introduce a trilinear model
with so-called loading matrices. In this trilinear model, the number
of spatial components can be different from the number of
temporal components, and these loading matrices are placed in
between the spatial and the temporal matrices. The spatial
components in Wang et al. (2000) are again described by scalp
distributions instead of the more elementary dipole sources.

Although in some of these studies the correlations of the
background activity are mentioned (Achim and Bouchard, 1997;
Turetsky et al., 1990), these correlations are neglected in the
estimation of the components and the remaining parameters.
Therefore, these estimation methods seem somewhat ad hoc; a
clearly defined statistical framework is not given.

We designed a new component model, the coupled dipole
model (CDM), that resembles in a way the trilinear model in Wang
et al. (2000), but is still fundamentally different. The main
difference is in the basic idea of the model: the CDM is a
parameter estimation method based on the well-defined maximum
likelihood (ML) framework. Moreover, the correlations of the
background activity are in this way taken into account in the source
localization, which was recently shown to improve the source
parameters compared to the ordinary least squares approach (De
Munck et al., 2002; Huizenga et al., 2002).

The basic spatial components of the CDM are dipole sources,
and the basic temporal components are nonparametric time series.
The data of each condition is modeled as a linear combination of

the basic components. This linear combination is specified by a
coupling matrix for each condition, comparable to Wang’s loading
matrix. However, contrary to the model in Wang et al. (2000), all
parameters (spatial, temporal, and coupling parameters) are
estimated simultaneously using the maximum likelihood paradigm,
instead of successively using different singular value decomposi-
tions of the rearranged data.

The CDM is applicable when the different conditions contain
common information: either common sources or common source
time series. In this integrated approach, a combination of more data
and more constraints is used to solve and stabilize the IP: sources
and/or source time series are assumed to be fixed over (part of the)
conditions.

In the next section, the coupled dipole model is explained. Then
the results of the application of the CDM in two MEG simulation
studies and in an experimental visual evoked response MEG-study
are shown.

Methods
Model

In the coupled dipole model, each data set is modeled as a linear
combination of basic sources (equivalent current dipoles) and basic
source time functions (STFs). This linear combination is specified
in the coupling matrix C, for each data set g. The coupling
matrices contain the amplitudes of the components, which may
vary over data sets.

If there are / sensors and J time samples, then the measured
signal of trial & in data set ¢ is stored in the / X J matrix R;‘, forg =
1,...,0, k =1,.. ,K,. Furthermore, if the number of basic spatial
components is P and the number of basic temporal components is
Z, the basic field matrix 4 is the / X P matrix containing the
forward fields of the basic dipole sources (DF), and the basic
source time function matrix B is the Z X J matrix containing all
basic STFs as rows. The model for data set ¢ is then

R, = AC,B, (1)

where 4 = A(¢, i) is dependent on the source locations ¢ and the
source orientations 7. The coupling matrices C, have dimension
P x Z. The reader is referred to Appendix A for a full list of
dimensions and variables. In Fig. 1, the CDM formula is
illustrated.

Fig. 1. Illustration of the Coupled Dipole Model. The first matrix contains the fields of the basic sources (i.e. the contribution of the basic sources to each of the
sensors), the second matrix is the coupling matrix and the last matrix is the basic time series matrix. The model for each data set, the product of these matrices,
is a linear combination of the depicted basic components, as indicated in the lower picture.
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The CDM provides a general framework that can describe
different situations in a flexible way by specifying which entries of
C, are zero and which entries have to be estimated from the data.
A simple illustration would consist of two data sets (Q = 2), in
which one source is active (P = 1). The source time function is
different in both data sets (Z = 2). The matrices 4 and B of the
CDM in this example would then have dimensions / X 1 and 2 X
J, respectively. Moreover, the coupling matrices C; and C; are 1 X
2 matrices.

A= (DF,),B= (g;ﬁ;)ycl = (01 0),Cy = (0 22) (2)

The models for both data sets are
Ry = AClB = (DFI) X (OC]STF])
and

R ZACZB = (DF]) X (OCQSTFz).

In the CDM, the basic source parameters, the amplitudes in the
coupling matrices, and the nonparametric basic source time
functions are estimated. For each data set, the linear combination
of basic components, characterized by the coupling matrix, has to
be specified by the researcher.

Moreover, the dimension of the coupling matrices (i.e., the
number of basic components) has to be set. In other words, the
dimensions and the zero elements of the coupling matrices are
set by the researcher, while the nonzero elements (amplitude
parameters) are estimated from the data. Fewer (more) assump-
tions regarding the common components in the data are
reflected by bigger (smaller) dimensions of the coupling
matrices and/or fewer (more) zeroes in the coupling matrices
defined. In the extreme case of no assumptions on common
components, the dimension of the coupling matrices would be
maximum (for each data set separately, spatial and temporal
components would be estimated) and each coupling matrix
would contain only a few, diagonal nonzero entries, coupling
the corresponding spatial and temporal components. In the
example (2) above, making no assumptions would lead to
estimation of two sources (P = 2) and two STFs (Z = 2) and
using two 2 X 2 coupling matrices:

o o STF] o o 0
A= (DF\, DF,),B = (STFQ)’CI = (0 0),

o0 2)

And the models for both data sets would become
Ry = AC|B = (DF;) x («;STF})

and

Ry, = AC,B = (DF,) x (28TF>).

The nonzero elements in all coupling matrices are the
amplitudes, which are estimated from the data. For all data sets

g, C4 = Cy4 (2) is dependent on g, the ¥ X 1 vector containing
all amplitudes (coupling parameters). These coupling parameters
determine the magnitude of the temporal components, while the
basic STFs in B are normalized, that is, each row in B has
norm 1.

Probability density function

When brain activity is evoked by a stimulus, measured data
consists, according to the signal plus noise model, of a constant
brain response and additional (internal and external) noise (Bijma
et al.,, 2003; De Munck et al., in press; McGillem and Aunon,
1987). If R,’; denotes the measured data matrix in trial k& of data set
q, this can be formulated as

k k
RE =R, + Ef )

where we write R, for the constant response matrix in data set g
and E ;‘ for the measured noise matrix. Furthermore, vec((E;‘)’ ) is
assumed to have a Gaussian distribution, to be independent over
trials k = 1,...,K, and to have the Kronecker product of a spatial
covariance matrix X and a temporal covariance matrix 7 as
spatiotemporal covariance (De Munck et al., 1992, 2002; Huizenga
et al., 2002), where X and T are constant over k:

vec((E;‘)'> ~N(0,X ® T) for all k. (s)

Thus, we obtain the likelihood function for data set ¢ (see
Magnus and Neudecker, 1995, for handling formulas with
Kronecker Products)

1 1
Lq(X7 T7§7ﬂ7g7B) :—I‘/Kq—ﬂ
mn)7 | X |
K(
1 Z/(R’(;—ACqB)lX"(R’;—AC‘IB)T"
X—ﬁe k=1 .
| T[> (6)

When the noise covariances X and 7T are known, this
likelihood function is only a function of ¢, 5, o, and B. In
practice, different data sets are measured in different trials, and
thus independency of E; over trials leads to independency over
data sets too. Furthermore, X and 7 are assumed to be fixed over
data sets. This yields the total likelihood function for all data sets,
LX, T, £, n, o, B), which is the product of the likelihood
functions Lq_in (6):

Y 1 1
L(X7T7é7n7273>: HLq(X7T7£7n7g7B> LK UK
: T T w0 F

K‘l
1 —%tr|: D (RE-AC,B)' X (RE-AC,B)T ™!
=1 k=1

()

By maximizing Eq. (7) the maximum likelihood (ML)
estimators for the noise parameters, X and 7 and the signal
parameters &, 1, o, and B are derived.
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ML-estimation procedure

The ML estimators X, T, n, é, &, and B are derived from
Eq. (7) by setting the corresponding derivative equal to zero and
solving for the estimated parameters. Differentiation of Eq. (7) is
performed using the rules derived in Magnus and Neudecker
(1995), chapter 9. This yields a complicated system of equations
for the estimators: all estimators are expressed in terms of each
other and have to be solved iteratively. The estimator for ¢ is even
more complex because ¢ is a nonlinear parameter. To simplify this
estimation procedure, the iterative system is split into two parts as
in De Munck et al. (2002). In the first preparative step, the noise
parameters are estimated, and in the second, the signal parameters.
In the case of known X and T (e.g., based on previous data sets),
the first step is left out.

In the first step, the expression 4C,B has to be replaced
because the model parameters are not yet determined in that
step. The substituting term is the ML estimator for AC,B as a
whole:

_ 1 _
(Ach)ML % S R =R, 8)

Substituting Eq. (8) in Eq. (7) and taking the derivative with
respect to the noise parameters, X and 7, yields (see Appendix B):

Xy = JL q:Zl qul (Rl; _Rq> TA}]L <R§ _Rq)t )
> IQK‘Ik'tA—lk'
T =75 ;:]: Z (Rq—Rq> XML<Rq—Rq) (10)

The system consisting of Egs. (9) and (10) is solved iteratively,
starting with 7 = I, in Eq. (9) until convergence of X and 7. I,
denotes the identity matrix of dimension J.

In the second step of the parameter estimation, either the
true X and T or the estimators X,; and T,;, which are
assumed to be the true covariances, are substituted in the
likelihood function (7). For notational simplicity, the subscript ML
will be omitted in the sequel. The likelihood has to be maximized
with respect to £, u, B, and «, which is equivalent to the
minimization of the cost function H & n, B, o)

+7, (11)

Clearly, y does not depend on the signal parameters, and the
cost function H(¢, n, B, &) can be replaced by H (£, n, B, 2):

A (&n.B.2)

=1r

0
> K, (R, —A4C,B)X (R, —Ach)T-l}. (13)
q=1

Setting the derivatives of H with respect to 17, B, and & to zero
yields the following ML estimators (the reader is referred to
Appendices C to E for the mathematical derivations):

0 1o .
quc;A’X‘AC‘f> >4k (k)
g=1 qg=1 k=1
(14)
Py, =¢ (15)
Yoy, =y (16)
where
g 04D 04
D, =tr ZKquBT chWX » (17)
g=1 P2 P
0 K Y
¢, = tr[z c,BI! <R§> £ = (18)
=1 k=1 My
g ., ACH G
P, = tr[ZKqBT—leaan’X—IAM‘I (19)
g=1 V2 V1

4q

v, = tr|:z LAY %] (20)

q=1 k=1

The source positions £ are determined in a nonlinear search
algorithm.

The dimensionality of the problem can be reduced by using the
singular value decomposition (SVD) of the data (cf. De Munck et
al., 2002). To take advantage of the vanishing, small eigenvalues of
the data, the data are rearranged.

For that purpose, the following decompositions of the
covariance matrices are used

X =wewl, T = wrwh. (21)

Furthermore, we define

VEIWLR, Wy VEKiC
R= | JEW.R W |,c=| JKC, |,

VEKoCo

VKW RoWr
A= Wid,B:= BWr. (22)

Then Eq. (13) can be rewritten as
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i(enns)
= or[ (R~ (Ig © A)CB)'(R — (Io © A)CB) . (23)

Now the SVD of R, containing the stacked prewhitened data of
all data sets, is calculated

UsRUU =1,
R = UAV' with{ VeR™ yyt =ty =1, (24)
AR A = diag(1y, Jay.., A))

and Eq. (23) is rewritten
ﬁ<§7 ﬂ,B,Q)
—r[(U4~ (1 A)CBY)'(UA - (Ig 2 A)CBY) . (25)

The trace in Eq. (25) is split into terms corresponding to the first
Jo largest eigenvalues of R and the remaining J — J, terms:

10 Jy
ﬁ(gﬂg,&g) => Z (U4 - (12 A)CBY);,
=1 j=1
— (Ip®A)CB V) (26)

The dimensionality of the estimation problem is reduced by
setting the J — J, small eigenvalues of R to zero and choosing B
such that [(Ip ® A) CBV],; = 0 for j > J, for all /. Then the
second term in Eq. (26) will vanish and the remaining cost
function is

10 Jy

Z Z (UA —(Ip ®A)CBV> . (27)

A(&nBa) =

If the J X J truncated diagonal matrix is denoted by
Ao = diag(ll,)hz,.., }VJO,O,,.., 0) (28)

the estimators in Eqgs. (14) and (17) to (20) change accordingly
into

. -1

Bi = (C'(lo © A'A)C) C'(1o® A)UA (29)
DA 2A

P,y = tr|BC I @~ Ip®——— |CB 30

PP |: < ¢ anpz © ()npl ( )

¢, =1tr

A
V'B'C'| Ip ® U4y
E)np

ac! aC
Wy, = tr {B‘ Ip®A") (Ip® A) B} (32)
oy, dory,
Tt aCt t
v, =1tr VBW(IQ@@A)UAO . (33)
y

Summarizing, the estimation procedure looks like

(1) Compute Rq for all ¢ and X and T using Egs. (9) and (10).
(2) Perform a global search over source locations to
obtain a starting point for the nonlinear (Marquardt)
algorithm.

(3) Tterate until convergence of the cost function A &, n, B, a):
(a) obtain an update for the positions in ¢ in the Marquardt
algorithm (the first time, the starting point from the

global search is taken)
(b) iterate until convergence of I:I(é , 1,
(i) update B using Eq. 29),
(i) iterate until convergence of A &, n,
¢ and B: B
(A) update o using Egs. (16), (32), and (33),
(B) update n using Egs. (15), (30), and (31).

B, ) for fixed ¢:

B, ) for fixed

In the global search in step (2), a regular grid with locations is
computed. For each location, step (3b) is executed and the
converging value of the cost function H for that location is
computed. The location with the minimum value of the cost
function is taken as starting point in step (3). In step (2), alternative
initialization procedures can be used, as outlined in Uutela et al.
(1998).

Results

The coupled dipole model was applied in two simulation
studies and to one experimental data set. In the first simulation
study, a symmetric dipole pair was simulated representing three
different functional areas: the somatosensory cortex, the auditory
cortex, and the visual cortex. In the second simulation study, data
from two dipoles in the visual cortex of the same hemisphere were
generated in different ratios of activity. The experimental data
consisted of visual evoked field (VEF) MEG data. The visual
stimulus in this experiment consisted of a checkerboard pattern,
presented either in one hemifield or full-field to the subject.

Table 1
Locations of simulated sources in simulation 1

Position source left (cm) Orientation source left

X y z X v z
Somatosensory 1.63 3.80 3.18 —-0.83 047 —-0.29
Visual —6.37 1.80 —2.82 044 022 0.87
Auditive 0.63 430 —0.82 0.00  0.00 1.00

The positions of the sources are relative to the center of the spherical
volume conductor. Positions and orientations of the sources were taken
symmetric, i.e. with opposite y coordinates. The direction of the x axis is
forward, the y axis to the left, and the z axis upwards.
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Simulation study 1

In the first simulation study, activity from two single dipole
sources was generated. Three surrogate data sets were
produced: in the first data, the left source was simulated, in
the second, the right source and the third data set contained
simulated data from both sources. The locations of the sources
were taken symmetric and varied over the visual, auditory, and
somatosensory cortices. True locations of these cortices were
based on experimentally located positions (see Table 1). Two
basic source time functions were used to generate the data, see
Egs. (36) and (37). For each location, 100 sweeps were generated.
The sample rate used was 625 Hz, and a time window of 32 ms
was analyzed. All data sets consisted of simulated dipole activity
and additional white noise with varying signal to noise ratio, SNR
equal to 1/3, 1, 3, and 9. The SNR is defined as the ratio between
the matrix powers of the surrogate signal and the surrogate white
noise:
tr(R'y, Rour)

sur sur

SNR =
tr(Ety Equr)

(34)

The first data set contained activity from the left source with
STF1, the second activity from the right source with STF1, and the
third data set contained activity from both sources, both having STF2.

The matrix A(y, £) contained the forward fields of both dipoles,
and B contained the two normalized basic STFs. The coupling
matrices for the three data sets were

[ 0 - 0 0 _ 0 o3
C17<0 0)7C27<a2 0>3C37(0 OC4> (35)

Both input STFs were 10 Hz sinusoids:

STF,(t) = nisin(ZOnt) (36)
STF (1) = - (sin (20m - g) + 0.35) (37)
n

where n; and n, are the normalization constants, 7; = +/11.5003
and n, = v/10.1852. The following coupling parameter values
were used

oy = 1000n, (38)
% = 1000n, (39)
a3 = 1000m, (40)
oy = 1000m, (41)

The absolute values of the magnitudes do not influence the
performance of the different localization methods. Only the
relative amount of noise, indicated by the SNR, counts. There-
fore, the o values were chosen such that the absolute magnitudes
were comfortable in the analysis. In Fig. 2, the input STFs are
plotted as function of time. Four different source localization
analyses were performed: the three data sets in three separate
analyses as presented in De Munck et al. (2002) and all data sets
simultaneously in the CDM. In the separate analyses, the

Input STFs simulation 1

1250
1000
750 STF
500
250

0
-250 /

0 5 10 15 20 25 30

STF2

Fig. 2. The two basic input STFs for simulation 1 multiplied by 1000,
which is the amplitude in all data sets.

estimation of the source parameters was performed based on
the simulated number of sources: one source was localized in
data sets 1 and 2, and two sources were estimated in data set 3.
The grid for the global search consisted of 100 locations,
resulting in 100 possible starting points for data sets 1 and 2
and 100 x 99/2 = 4950 possible starting combinations for data
set 3. In the CDM analysis, two sources, two STFs, and nonzero
elements of the coupling matrices in Eq. (35) were estimated. The
same grid was used for the global search, yielding 100 x 99 =
9900 possible starting combinations of the two sources, because
the order of the sources is important in the CDM. Average errors in
position and orientation of the estimated dipoles as well as in
magnitude of the estimated source time functions were computed
for all four analyses. The averages were taken over the sweeps and
over both sources (position and orientation) or both STFs
(magnitude).

For all three cortex locations, the errors show a similar pattern:
the integrated analysis yields a lower error than the separate
analyses. Depending the distance between the sources, this differ-
ence in performance varies. The errors in position, orientation, and
magnitude show a similar pattern; therefore, only the position error
is shown in Fig. 3. In Fig. 3a, the average position error for the
simulated dipoles in the somatosensory cortex is shown; in Fig. 3b,
the auditory cortex; and in Fig. 3c, the visual cortex. Clearly, the
difference in performance between the separate approach and the
CDM is largest for two active dipoles in the visual cortex (Fig. 3c).
The reason for this is that the (lateral) distance between the simulated
visual dipoles is smallest. Therefore, localizing the two sources in
the classical way will be hampered by the reasons mentioned in the
introduction. For all analyses, Fig. 3 shows an improvement
(slightly) in position error for the integrated model, indicating that
adding more data into the parameter estimation is advantageous.

Simulation study 2

In the second simulation study, two sources in the visual
cortex, one in the striate and one in the extrastriate cortex, were
simulated in five different ratios of activity. Positions and
orientations were taken from experimentally located sources,
resulting in the sources being 3 cm apart from each other (Table
2). As in simulation 1, data consisted of simulated dipole
activity and white noise with varying SNR, SNR = 1/3, 1, 3,
and 9. Each data set contained 100 sweeps, the sample
frequency was 625 Hz, and a time window of 32 ms was
analyzed. The input source time functions were two sinusoids,



896

(a) Somatosensory cortex
Position Error somatosensory

— m—Right — — Left Bilat —=— CDM
1 T T T T

2 4 6 8 1

cm

0.1

0.01

SNR

(c) Visual cortex
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(b) Auditory cortex

cm

Position Error auditory

— m— Right — — Left Bilat —m=— CDM
1 T T T T
2 4 6 8 10

0.01
SNR

Position Error visual

— B— Right — — Left Bilat —#— CDM
10
1L . . .
£ 2 4 6 8 10
(3]
01 \\‘\‘_—N
0.01

SNR

Fig. 3. Average position errors in simulation 1. The errors are given in cm on a logarithmic scale. The dashed lines correspond to the separate analyses and the
solid line indicates results of the CDM. Right corresponds to the data set with only the right source active, left to the data set with the left dipole active, and
BilLat to the data set with both sources active. (a) Position errors of the localized sources in the somatosensory cortex. (b) Position errors of the localized
sources in the auditory cortex. (c) Position errors of the localized sources in the visual cortex.

15 Hz for the striate source and 20 Hz for the extrastriate
source

STF, (1) =~ sin(3077) (42)
n3
STF» (f) = ——sin(40m1). (43)

ng

where n; = 1/10.4013 and n4 = +/8.49828 are the normalization
constants. The five data sets were generated using the coupling
matrices

10005 0 750ns 0
C = 7C2 = ’
0 0 0 250n4
500n; 0 250m; 0
= ) Cy = ’
0 500n4 0 750n4

0 0
C5: )
0 1000n,

Fig. 4 shows the two input STFs. Six source localization analyses
were performed: the five data sets separately (De Munck et al., 2002)
and all five data sets in the integrated model.

Furthermore, in the CDM analysis, diagonal coupling matrices
with two unknowns were used for all data sets. In other words, in the
CDM analysis, no advantage was taken of the knowledge that data

Cs (44)

sets 1 and 5 contain activity of only one dipole, while this
information was exploited in the separate analyses.

For the global search, the same grid as in the first simulation
study was used. This resulted in 100 possible starting locations for
the separate analyses of data sets 1 and 5, 4950 possible
combinations for data sets 2, 3, and 4, and 9900 possible
combinations for the CDM (as the order of the sources is of
importance in the simultaneous model).

Outliers in the estimated sources were discarded. The outlier
criteria used are

position error>7 cm (45)
distance between sources <0.5 cm (46)
magnitude error (relative power) > 10 (47)

The first criterium designates localized sources in implausible
positions, which would be discarded in experimental analysis. The

Table 2
Locations of simulated sources in simulation 2

Position (cm) Orientation

X y z x y z
Striate —6.37 1.30 —1.82 —0.15 0.59 0.79
Extrastriate —5.37 3.30 —3.82 0.70 0.60 —0.40

The positions of the sources are relative to the center of the spherical
volume conductor. The direction of the x axis is forward, the y axis to the
left, and the z axis upwards.
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Fig. 4. The two basic input STFs for simulation 2 multiplied by 1000, the
maximum amplitude (data sets 1 and 5).

latter two criteria often concur and indicate two coinciding sources,
usually having opposite orientations and unreasonably high
magnitudes, as discussed in Introduction. In Table 3, the numbers
of outliers in the different localizations are given: only the three
data sets containing two active sources yielded outliers in the
separate analyses. The simultanecous CDM did not yield any
outliers.

Average position errors, orientation errors, and magnitude errors
were computed for all six analyses. The averages were computed
over the 100 sweeps (minus the outlying sweeps) and over both
sources and both STFs.

As in the first simulation, the graphs of the three types of error
resemble each other. Fig. 5 demonstrates the position errors for all
analyses. The errors in the separate analyses can be divided into
two groups; data set 1 and 5, which contain only one active source,
show a lower error than the remaining three data sets. This reflects
the common feature that one source is easier localized than two
sources. Nevertheless, the CDM yields the lowest position error.
Compared to the separate analyses, using the CDM, the position
error drops approximately by a factor of 10 for data sets 2, 3, and 4.
For data sets 1 and 5, there is still an improvement of roughly a
factor of 1.5 in the position error.

Experimental data

The CDM was applied to experimental MEG data of a visual
evoked field experiment. The visual stimuli consisted of checker-
board pattern onsets, presented either in the left or the right hemifield
or full-field, thus yielding three data sets per subject. The separate
analyses of this kind of conditions show nearby localized sources
with similar orientations for the different conditions, indicating that
the assumption of common sources is plausible. Moreover, the
estimated orientations are opposite (Di Russo et al., 2002; Kenemans

Table 3

The number of outliers in the six source localizations in simulation 2
SNR 1/3 1 3 9
Data set 1 0 0 0 0
Data set 2 6 1 1 1
Data set 3 0 2 1 4
Data set 4 16 16 19 18
Data set 5 0 0 0 0
CDM 0 0 0 0

Position Error Simulation 2
=il == Striate1 ===l == Striate3/4 Striate1/4
Striate1/4 ===l ==ExtraStriate ===lll== CDM

10
1_% . , ; .
2 4 6 8 10
£ Y e —
5 B —_— —— — — —a
0.1+ gﬁh
_— —
—7
0.01

SNR

Fig. 5. The average position error of the localized sources in the simulation
2. Striatel corresponds to data set 1, Striate3/4 to data set 2, Striatel/2 to
data set 3, Striate1/4 to data set 4, and ExtraStriate to data set 5. The errors
are given in centimeters on a logarithmic scale. The dashed lines
correspond to the separate analyses and the solid line indicates results of
the CDM.

et al., 2000); therefore, the solutions to the separate IPs are
susceptible for the canceling dipole problem. For this reason, the
behavior of the separate analyses and the CDM is compared using
these visual data.

Data of five subjects were considered in this study. The time
window of analysis was set to 80-112 ms post stimulus. The
sample rate was 625 Hz, the number of trials was 400 in each data
set. Similar to simulation 1, the three data sets were analyzed
separately, yielding three sets of estimated parameters, and the
CDM was applied to all three data sets simultaneously, yielding
one solution with estimated common spatial and common temporal
parameters.

The check size was 6. Checks of this size mainly activate the
striate cortex in the chosen time interval (Di Russo et al., 2002;
Ossenblok et al., 1994). As expected, hemifield stimuli first
activate the contralateral hemisphere, with a peak at around 90-95
ms. However, between 10 and 15 ms (Saron and Davidson, 1989)
or 20 ms later (Steger et al., 2001), the ipsilateral hemisphere is
activated as well by inter-hemispheric transfer. In sum, to describe
the hemifield data, two sources are needed, having in the CDM two
different STFs: a contralateral STF and an ipsilateral STF. The
contralateral STF was also used to describe the time courses of
both sources in the bilateral data set, because these stimuli will
activate both hemispheres directly (Kenemans et al., 2000),
although maybe even faster (Steger et al., 2001). This yielded
the following basic and coupling matrices:

STF:ontra
A:DFlfDF«h,B:< ) 48
( eft g t) STF,-I,S,- ( )

(0 o (a0 _[(os O
Gh—(al 0)76;11—(0 a4),Gf—(% 0>7 (49)

where “lh” corresponds to the left hemifield stimulation, “rh” to the
right hemifield stimulation, and “ff” to the full-field stimulation.
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Table 4
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Estimated locations for subject 5 in the experimental study

Position source left (cm)

Orientation source left

Orientation source right

X ¥y z X y z X v z

Data set LH 23 —5.21 1.29 0.94 0.26 0.96 0.11 0.26 —0.96 0.11
Data set LH 102 —5.21 1.29 0.94 0.26 0.96 0.11 0.26 —0.96 0.11
Data set RH 23 —6.14 1.21 0.17 0.17 0.76 0.62 0.00 0.12 0.99
Data set RH 102 —5.72 0.32 0.11 0.06 0.88 0.47 0.05 —0.96 —0.27
Data set FF 23 —4.42 0.00 —1.15 0.25 —0.05 —0.97 —0.25 0.05 0.97
Data set FF 102 —5.14 1.43 0.89 0.31 0.77 0.56 0.28 —0.96 0.08
CDM —5.25 1.44 0.85 0.30 0.72 0.62 0.28 —0.95 0.12

The positions of the localized sources are relative to the center of the spherical volume conductor. The positions of the two sources are symmetric. The direction

of the x axis is forward, the y axis to the left, and the z axis upwards.

In all the analyses, a semisymmetric source pair was fitted.
Semisymmetric sources have symmetric locations (as in Di Russo
et al.,, 2002; Kenemans et al., 2000), but their orientations are
free. Nevertheless, the estimated orientations are nearly symmet-
ric (Table 4).

The number of locations in the regular grid for the global search
for the starting location of the semisymmetric dipole source was
varied over 23, 102, and 466 points in one hemisphere, correspond-
ing to mesh sizes of 4.2, 2.6, 1.5 cm, respectively.

The solutions to the separate IPs changed when the number
was increased from 23 to 102 grid points, but remained the same
for the increase from 102 to 466 points. The simultaneous model,
though, yielded the same solutions for all three grids. This shows

(a)
Estimated STF in LH stimulation

— LeftSource  —— RightSource
7000
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2000 A
1000 -
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80 90 100 110
time(ms)

(©

that the CDM is less sensitive to local minima in the cost
function.

The results of the separate analyses varied considerably over
subjects. For subjects 1 and 2, the separate analyses yielded
plausible solutions for all three conditions for both 23 and 102 grid
points.

For subject 3, all three separate solutions to the IP consisted of a
pair of canceling, coinciding sources (intermediate distance < 0.01
cm). Even using a global search with 466 grid points yielded these
implausible solutions for all three separate models. Subject 4
yielded for the right hemifield data set a physiologically plausible
solution for all grids. For the coarse grid, the sources in the full-
field data set were localized in the cerebellum. For 102 grid

(b)
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Fig. 6. Estimated STFs of the semisymmetric sources resulting from the separate analyses using a global search with 23 grid points in the experimental study
(subject 5). The time indicated is the post stimulus time in milliseconds. The unit on the vertical axis is nAcm. (a) The estimated STFs for the left hemifield
stimulation data set. (b) The estimated STFs for the right hemifield stimulation data set. (c) The estimated STFs for the full-field stimulation data set.
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points, this problem was resolved and the solutions were
localized in the visual cortex. The locations of the sources in
the left hemifield data set showed a plausible location, though the
ipsilateral orientation differs from the usual lateral direction for
all grids. The corresponding amplitude is very small; therefore,
the total influence of this orientation on the cost function is very
small.

Subject 5 (see Table 4) yielded a solution consisting of a
canceling dipole pair for the full-field data set when the coarse grid
was used. For the denser grids, this data set yielded an interpretable
solution. The right hemifield data set yielded a location in the visual
cortex for 23 grid points, though the ipsilateral orientation was
unusual. For 102 and 466 grid points, these sources were localized
nearer to the midsagittal plane (1.2 cm in between). For all grids, left
hemifield data set yielded plausible solutions.

The simultaneous model yielded for all five subjects plausible
solutions for all conditions for all grids.

Summarizing, for the coarse grid, 5 of the 15 separate analyses
resulted in an implausible solution, and for the denser grids, 3 of the
15 conditions yielded a non-interpretable solution, whereas the
simultaneous model only yielded plausible solutions.

The results of subject 5 are representative for the type of errors
that can occur in the separate solutions; therefore, the analyses of this
subject for the coarse (23 points) and the dense (102 points) grid and
the CDM solution are presented. The estimated locations and
orientations of the sources for the seven different localizations are
reported in Table 4. The estimated STFs are shown in Figs. 6-8. Fig.

(a)
Estimated STF in LH stimulation

—— LeftSource —— RightSource
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time(ms)

(c)

85 90

115
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6 shows the STFs estimated in the separate analyses using the coarse
grid, Fig. 7 the estimated STFs for the dense grid, and Fig. 8 displays
the estimated STFs for the simultaneous model that did not change
with the number of grid points.

In Fig. 6¢, an example of the canceling dipole problem is shown:
the magnitudes are unrealistically high, the corresponding locations
in Table 4 coincide, and the estimated orientations are opposite. For
the coarse grid, the RH data set does not yield the usual lateral
orientation for the ipsilateral source. This orientation does not have a
substantial influence on the cost function, because the corresponding
amplitude (Fig. 6b) is rather small. The amplitudes in the different
analyses for the RH data set vary. In Fig. 7b (dense grid), the
estimated amplitudes are larger than the amplitudes shown in Figs.
6b (coarse grid) and 8b (CDM). The corresponding distance to the
midsagittal plane for the dense grid (0.32 cm) is smaller than for the
coarse grid and the CDM (1.21 and 1.44 cm, respectively). This may
indicate a slight cancellation of dipole activity: the sources are closer
and the amplitudes are higher for the dense grid.

Discussion

The coupled dipole model provides a method to solve the inverse
problem by analyzing multiple MEG data sets simultaneously when
these data sets contain common sources or common source time
functions. This way, more data are used and more constraints
(assumptions) are made to solve and stabilize the IP.
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Fig. 7. Estimated STFs of the semisymmetric sources resulting from the separate analyses using a global search with 102 grid points in the experimental study
(subject 5). The time indicated is the post stimulus time in milliseconds. The unit on the vertical axis is nAcm. (a) The estimated STFs for the left hemifield
stimulation data set. (b) The estimated STFs for the right hemifield stimulation data set. (c) The estimated STFs for the full-field stimulation data set.
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Fig. 8. Estimated STFs of the semisymmetric sources resulting from CDM analysis in the experimental study (subject 5). The time indicated is the post stimulus
time in milliseconds. The unit on the vertical axis is nAcm. (a) The estimated STFs for the left hemifield stimulation data set. (b) The estimated STFs for the
right hemifield stimulation data set. (c) The estimated STFs for the full-field stimulation data set.

The results of the first simulation show that the position error
decreases when the integrated model is used instead of the separate
models. The gain in accuracy depends on the locations (intermediate
distance) of the sources to be localized and was largest for the
simulated sources in the visual cortex.

Simulation 2 displays a considerable improvement in source
localization for the CDM, studying two active dipoles in the visual
cortex in five different ratios of activity. For one of the five data sets
considered, a quarter striate and three quarters extrastriate activity,
the position error drops by a factor of 10 when the CDM is used
instead of a single model. Moreover, outliers only occurred in the
separate analyses of data sets 2, 3, and 4, while the CDM did not
yield any outliers (see Table 3). In Fig. 5, it can be seen that the
position error of data set 4 is higher for SNR = 3 than it is for SNR =
1. A similar feature was found in the orientation and magnitude error.
This contradicts the fact that for higher SNR the error decreases. The
reason for this slight increase in error lies in the outlier problem. For
all SNR values in data set 4, some sweeps were marked as outlier
(45) and discarded. However, some other sweeps, not indicated as
outlier, also showed a rather large position error (>2 cm), but
within the outlier criterium of 7 cm. For SNR = 1, the number of
these semi-outlying sweeps was lower than for SNR = 1/3 and
SNR = 3. Because these sweeps raise the average error remarkably,
this difference between SNR = 1 and the other SNR values
explains the error shape in Fig. 5. Increasing the number of sweeps
considerably or redefining the outlier criteria should eliminate this
problem. This shows that the choice of outlier criteria is delicate.
Nonetheless, this outlier problem is not present in the CDM (Table
3), which is an important advantage of the integrated approach
regarding the stability of the solution.

The application of the CDM to experimental VEF data showed
that in 5 (coarse grid) or 3 (dense grid) of the 15 conditions
considered, no interpretable solution was obtained without using the
CDM. The classic (separate) analysis of all but one of these
conditions yielded a canceling dipole source pair, and one condition
yielded a localized visual source pair in the cerebellum (coarse grid).
The CDM yielded invariably plausible solutions. This demonstrates
that the CDM is not sensitive for minima in the cost function that
correspond to a canceling dipole pair. The underlying reason may be
that these minima of the separate cost functions occur at different
locations for different conditions and will therefore not produce a
minimum in the simultaneous cost function.

Another advantage of the simultaneous model is the direct
comparability of the estimated magnitudes. Because all parameters
are estimated in one analysis, the magnitudes between conditions
can directly be compared (Fig. 8), while the separate analyses (Figs.
6 and 7) use for different conditions different scalings and it is
difficult to compare the absolute magnitudes between conditions.
This difference in scaling is caused by the depth bias (the mutual
dependence of depth and amplitude) and possible slight cancellation
of the sources (cf. RH for the coarse grid) and the differences in STF
shapes between conditions.

Summarizing, the experimental application showed that simul-
taneously estimating the amplitudes and locations in the three data
sets yields more stable and comparable estimated parameters, while
separate models are more vulnerable for implausible minima and
yield in general estimated magnitudes and positions that vary over
data sets.

The estimation procedure for the signal parameters presented in
this paper is computationally intensive due to the nested iterations in
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the estimation procedure. It is our intention to improve the method to
overcome this drawback.

Designing the coupling matrices is subject to the choice (or a
priori knowledge) of the user. Different users may want to design the
coupling matrices in a different way. This is both a flexibility
property of the model and a subjectivity of the CDM. The user can
make more or less assumptions by adapting the dimension of the
coupling matrices, as was shown in the example in Egs. (2) and (3).
Such assumptions, in fact, are also made when similar data sets are
analyzed using separate analyses: results are compared afterwards
and conclusions are drawn about the similarity of sources and
source time functions in the different data sets. The CDM now
provides a way to put this knowledge a priori in the source
localization method, which relatively increases the SNR. If the user
is not sure about certain similarities, the coupling matrices should
be extended to less assumptions. In the second simulation study,
the robustness of the CDM was tested by applying less
assumptions than possible (fitting two sources when only one
was active in data sets 1 and 5), and it was shown that the CDM
still estimates the sources and STFs well.

A possible extension of the CDM would be the simultaneous
analysis of data sets of different subjects and/or different conditions.
If it is assumed that the spatial and temporal covariances differ only
slightly over subjects and conditions (Bijma et al., 2003; De Munck
et al., 2002), and can therefore be fixated, this extension is rather
straightforward. This kind of extension will be helpful if one is
interested in grand averages of, for example, amplitude functions or
source positions as in cognitive neuroscience (Di Russo et al., 2002;
Kenemans et al., 2000).

In all, the CDM combines multiple data sets and extra constraints
into one integrated model to solve and stabilize the ill-posed inverse
problem in MEG/EEG, yielding interpretable solutions, in cases
where separate models not always yield plausible solutions.

Appendix A. Dimensions and variables

The dimensions are defined as

[— # sensors (50)
J—# time samples (51)
K,— # trials in data set ¢ (52)
K—# trials in all data sets (53)
P—# basic sources (54)
O—# data sets (55)
Y— # amplitude parameters (56)
Z— # basic STFs (57)
and the variables as

o—Y x 1 vector containing amplitude parameters (58)
n—3P x 1 vector with sources orientations (39)

&—3P x 1 vector with source locations (60)
A(g’, ﬂ)—l x P forward field matrix of basic dipoles (61)
A—IQ x IP matrix : Ip ® 4 (62)
B—Z x J basic STF matrix, with basic STFs as rows (63)
B—Z x J prewhitened STF matrix (64)
C,—P x Z coupling matrix for data set g (65)
C—PQ x Z stacked coupling matrices (66)
E g—] x J noise matrix of trial £ in data set ¢ (67)
I,—n x n identity matrix (68)
R’;—[ x J data matrix of trial & in data set ¢ (69)
R,—I x J model matrix for data set ¢ (70)
R,—1 x J average data matrix for data set ¢ (71)

Appendix B. ML estimators for X and T

This derivation uses the following two matrix derivatives
(Magnus and Neudecker, 1995, chapter 9)

dy ([X]) = |X|er (X' dx)
and
dy(X') = —x'axx .

The derivative of L(X, T, ¢, n, , B) in Eq. (7) with respect to X is

— K d|x| 1 [ & & S\
_ 2 k —1
dXLLx[T-i-dX —5ir q > (Rq—RqB>X

o)

1 [ —ukxje(xtax
1, [ e ax
2¢
[0 K N
o[ Y30 (R =Ry ) X taxx (RS- R,) T
Lg=1 k=1
1 2 & —1 k D —1
=L i —JK+Zlk1X (RE-R,)T
p =
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The optimal spatial covariance matrix, Xuuz, is obtained when
dxL = 0, that is, when

—JK + qi kKquf(;;L (R’; —Rq) 7! (R’; _qu),

—1
XML

Ky

. 1 & i s\
:O@XML:J—K;;(Rq—Rq)T

‘(R’; —Rq)', (73)

provided that X, is nonsingular. Similarly for 7, the estimator

becomes
K - t -
(R —R,) X' (R - R,). (74)

A 1
TML—R

M

q=1 k=1

Appendix C. ML estimator for B

Although the rows in B are normalized, the ML estimator for B
is derived as if B were unconstrained. The rows are normalized
afterwards.

K

<

0
k —1
dBL——thr[Z (AC,dB)'X ( quch)T
q=1 k=1
k t
n <Rq fAch) X'AC,dBT"!
0 K p -
—Lxur| 3 T (R~ AC,B) XAC,aB|.  (75)
q=1 k=1
Setting this derivative to zero yields the estimator for B:
0 K
NS '(R —ACBML>X AC, =0
q=1 k=1
g & A
sy (Rq> AC
g=1 k=1
0 & o
=3 > (4CBu)'x'4C,
g=1 k=1
~ Y | ! o K I k t
t gty — t Aty —
& By = KCAaxac,) Y S cax (Rq) ,
g=1 a=1 k=1
(70

provided that quzl K,CLA'X'AC, is invertible. After this
estimator has been calculated, the STFs in B are normalized.

Appendix D. ML estimator for orientation parameters 7 in 4

The source parameters in 4 can be split into the linear
orientation parameters #, and the nonlinear position parameters ¢.
If all P sources are modeled as single dipoles or symmetric
source pairs, n and ¢ will both be 3P X 1 vectors. If P
semisymmetric source pairs (symmetric location, free orientation)
are used, 7 will be 6P X 1 and £ will be 3P X 1. For notational

clarity, # and ¢ will both be assumed to be 3P x 1. For the case
of semigymmeﬁic sources, the dimensions have to be adjusted
correspondingly. The linear parameters # are estimated in the
usual ML sense; setting the derivative of L equal to zero. The
nonlinear parameters ¢ are determined using the Marquardt
algorithm. The derivative of L with respect to y is calculated by
first computing oL and subsequently applying the chain rule.

Ky

dAL_—szr{Z (dAC,B)'X ( ‘

—AC,B)T"!
g=1 k=1

k g 1
+ (RS — 4C,B) X~'dAC,BT ]

—Lxur [ S BT (R’; = ACqB> 'X'dA} N

g=1 k=1

Writing n = (11, ..., 13p) and applying the chain rule for the
source parameter 1,, yields

o & ‘) 04
— a _
d,,PL:thr{E > C,BT ! (RE - 4C,B) X o |
k=1 P

(78)
To obtain the ML estimate for 1, this derivative is set to zero.
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Because the basic field matrix 4 is linear in 1, it can be written as

3P .
04
p=

= 0m,

where dA4/01n, is independent of . Eq. (79) holds for p = 1,...,3P
and substituting Eq. (80) into Eq. (79) yields
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where
g A 04
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and

tr[z ic BT~ <R">X ! BA} (83)

=1 k=1 np

The linear parameters 1, are solved from the linear system in
Eq. (81).

Appendix E. ML estimator for amplitude parameters in C

Analogous to the moment parameters, the amplitude parameters
o in the coupling matrices C, are estimated using the chain rule.
Writing o = (g, ..., ®y) the derivative with respect to a,, is
K,

d%,L:;thr{Zi (dd,, C,B) xRS

—ACB)T!
q=1 k=1

t
+ (Rs - 4C,B) X~ 4d,, chT—l}
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The ML estimators for o, satisfy
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Similar to the decomposition of 4 in Eq. (80), we can decompose
C, due to the linearity in o:

Y
0C,

C= ETwo‘y (86)
y=1 777

forg =1,... Q, with 9C,/0a, independent of «. Eq. (85) holds for

y = 1,...,Y. Formula (86) is substituted in formula (85), and we
obtain
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by KBT”B’SC;A’X”ABCq for all
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where
9 act C,
Wy =tr| Y KBT B —LA'Xx 41 (88)
= doy, doy,
and
K
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This linear system solves the amplitude parameters o in C,.
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