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Abstract—We extend adaptive beamformers (DICS)[L] and adapted to the data via signal space covariance estimates.
RAP MUSIC [2] to solve the MEG inverse problem in the time- ~ Gross et al.[[8] proposed the use of an adaptive beamformer
frequency domain for induced and phase-locked components. to solve the inverse problem in the frequency domain, and
Using event-related data, we estimate the complex covariances later for total power in the time-frequency domain, support
from time-frequency transformed single trials for total power, ing both source power and coherence estimafion [1]. Here,
phase locked, and induced components|[3]. We obtain the phase- we generalize the adaptive beamformer method in the time-
locked DICS inverse as the difference between the total power frequency domain, permitting the estimation of inverse so-
and induced solutions. RAP-MUSIC was adapted to constrain  lutions to both induced and phase-locked components of the
the real and imaginary parts of the source space solution. We event-related time frequency transformed data. We als@ sho
have verified these methods using simulated data, and validated how dipole fitting, using the RAP MUSIC approach [2], may
them with somatosensory and motor MEG data. be adapted to all components in the time-frequency domain,

extending the results of Sekihara et(@l [9].
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II. METHODS

. INTRODUCTION A. Time-frequency wavelet transforms:

Interest in encephalographic oscillatory events has seen for a single channel time serisg), we can obtain an
recent renewed attention with experimental and theolleticgstimate of the time-varying frequency component at time
studies linking coherent multicellular rhythms with cogni and center frequency asz(t, f) = s(t) «w(t, f) , where ™
tive events. Time-frequency analysis overcomes some of thepresents the convolution operator amd, f) is the com-
limitations of conventional FFT’s, permitting simultan&n  plex wavelet function[[10]. By successive applications at
time-based and frequency-based analysis. Wavelets hdve wgitfering center frequencies, a time-frequency map may be
developed mathematical foundations [4] and have becomgynstructed, averaged over a set of trials to extract phase-
the method of choice for electromagnetic encephalographycked and total power components. The induced (non-
(EMEG) time/frequency analysis. Tallon-Baudry et al. [3] phase-locked) component may then be obtained as the dif-
introduced the useful distinction between phase-locketl anference. Due to the linearity of the convolution operation,
induced components of the averaged oscillatory responsghe resultant complex-valued transform coefficients may be
Nonlinearities in estimating the averages obtained frometi  |;sed for source estimation.
frequency transformed data have been an obstacle to the ap-
plication of conventional source estimation methods tetim ) )
frequency transformed data. Greenblatt and Osiian [5] arfg- Covariance matrices
Lin et al. [6] have proposed methods to overcome the non-
linearity obstacle by computing single trial distributedisce
estimates and then averaging in source space. This approa
however, often has unacceptable noise sensitivity foicglpi each time-frequency bift, f) and for each-th trial we form
experimgntal conditions, especially at higherfreques10ie vectors zn(t, f) — [znl(t,}),znz(t, ),z (t, )T by col-

Ao_lapnve beg_mformer_s have been useql to estimate Sogr?é"cting the corresponding wavelet coefficients from allreha
activity at _specmed locations for extracranial E_MEG data | nels and use them in computing a set of covariance matrices.
both the time[[V] and the frequendy [8] domains. They are We distinguish three different correlation matrices rep-

T These authors contributed equally to the work in this report resenting the spatial structure of total power, phase lbcke

For eachtrial K n<N and eachchannel4 k<K we
compute a set of wavelet coefficientz,(t, f) parametrized
B timet, tmin <t <tmaxand frequency, fmin<t < fmax For




and induced components. Estimate the total power correlazorrespond to a location representing two orthogonal erien
tion matrix as tations at locationr . Then given W and the corresponding
Csig We may estimate the source space covariance as
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The 2x2 diagonal submatrices &src may be used as an
estimate of the voxel-wise source space power, either by com

1 N H puting the trace or using the largest eigenvalue. The esult
( ZZ”tf)< ZZntf>

and the phase-locked correlation matrix as

(2) may be presented either directly or as the voxel-wise rdtio o
estimated activations between two conditions (e.g., pse- v
post-stimulus)[B].

Under the assumption of independence of phase-locked Equatiori#t may be applied directly for the total power and
and induced components in the data, the correlation for th@ygyced covariances. However, the phase-locked covarianc
induced component is the difference between the total powgg significantly rank-deficient, and therefore non-inveii

CSsk(e, 1)

and phase-locked component correlations, or We propose to resolve this by estimating the source distribu
tion underlying the the phase-locked component as the dif-
Cag(t, f) = Coy(t, f) — CQek(t, 1) (3)  ference between total power and induced source space esti-

mates To do so, for each voxel we first compu@ and

C' ore using the corresponding covariance matrices. Then, we

Z zfmax @totlockind (t.) compute source estimate for the_ phase-locked pomponent

Cts?élocklnd (Ztmin 21 fmin sig as the larger eigenvalue of the diagonal submatrices of the
(tmax— tmin) (fmax— fmin) difference matI’IXCIS%k Cts% C'snrg

. - . Taken together, both the diagonal and the off diagona 2
lock -
Note, that in that cas€;* has no longer rank of unity. How submatrices of Glocked Gtot &ind  mav e ysed to estimate

H mi 5 5 5 Src Srcy ~src
ever, because of likely similarity of correlation mimm source space coherence between the corresponding Iaation
responding to the t-f bins in the region of |nteré§§ is still

significantly rank deficient.

We define averaged correlation matrices as

D. Time-frequency RAP MUSIC

C. Source estimation with scanning beamformers RAP MUSIC as applied to neurophysiological data was
developed originally to fit dipoles to real-valued covadan

We propose minor extension of the DICS approdch [1jmatrices [[2]. MEG-MUSIC applied to total power was de-
to account for the induced and phase-locked, as well as th&ribed in [[9]. Although the original MUSIC algorithm was
total power components by computing invertible data corredescribed for complex-valued matrices obtained from e.g.,
lation matrices in order to build an estimator for each sppati multisensor radar signals, the physical basis of the MEG sig
location for each component separately. nal differs from the radar case in a significant way. The

For a specified target location, an adaptive linearly con- complexity in the radar case arises from the necessity to
strained distortionless spatial filtér [11] may be condgdc model finite propagation delays. In EEG/MEG source mod-

as eling we use the quasi-static approximation| [13] that iepli
the absence of delays in propagation of the electromagnetic
Al {L CS|§1]|_ } LTCSé (4) field from neuronal generators to sensors. Real and imaginar

parts of the wavelet coefficients carry complimentary infor
L, is the forward matrix for the dipole at location and  mation about théemporalstructure of source activations and

two orthogonal orientations in the tangent plane [12]. Noteshould be used concurrently in order to estimatespetial

that due to the quasi-static approximation generally used iparameters of the source.

EMEG source estimatiori [13], the forward matrix is real. To find the source dipoles we first perform SVD of the

CSlg is one of the signal space covariance matrices defined bl§omplex covariance matrix corresponding to the component

equation§1[33, or an average of several of the same type ovef interest, i.e CI%-°%"® — ysVT | yielding complex left

a selected time-frequency neighborhood. By combining thsingular matrle and real diagonal matris=diag(s),1 <

lead field vectors of all locations and orientations, we mbta i < K . Based on user specified threshold on percentage of

an inverse operatoW = {w;" } in which each two columns unexplained variance, we find the effective raRk of the



averaged covariance matrix. Since the spatial information using 4D Neuroimaging software and a Polhemus (Colch-
the wavelet-transformed signal is contained in both redl anester VT) 3D digitizer. The sensors were coregistered to the
imaginary parts of the covariance matrix we tiRigomplex  structural MRI using EMSE Suite v5.3 (Source Signal Imag-

columns ofU into a newK x 2R quasi-data matrifo by fill- ing, Inc., San Diego CA). EMSE Suite software was used for
ing its columns with weighted by the corresponding singulamall subsequent analysis steps, as well.
values real and imaginary parts of columnslof, i.e. Motor paradigm In the voluntary motor paradigm, the

D = [s0(ui)sO(ui)]V1 <i <R. We then use this newly cre- subject was instructed to squeeze his left hand into a fe, th

ated quasi-data matrix as an input to RAP-MUSIC algorithmextend his hand back to the resting position, approximately
with user-specified signal subspace rank parameter that whce every 3 seconds. A pair of electrodes were placed on
increase by a factor of 2 to account for the complexity of thethe skin over the flexor muscles of the left forearm and the

original covariance matrices. EMG signal was recorded in parallel with the MEG. A total
of 42 successive squeezes were used for subsequent analysis
E. Simulations In order to determine movement onset, the EMG was Hilbert

it th hod imulated dinoles i . transformed to obtain the envelop. The onset was determined
To verify the methods, we simulated two dipoles in a vir-p, g a1 inspection of the filtered EMG signal as the earli-

f[ual spherical head quel, using sensor locations COMeEPO g4 (ime at which the envelop exceeded the background. The
ing to a 148 channel first order magnetometer system. BOtn—:‘SUItS of analysis are presented in Figlre 2

of the dipoles were active at 75 Hz frequency following an Somatosensory paradignirpuff somatosensory stimuli

event marker, but differed in that the dipole on the left sideWere presented every 330 msec. to the left index finger of

was phase-locked to the event, while the dipole on the righatm adult male. Data were time-frequency transformed and
side was phase-randomized with respect to the event. 70 trj-

. : : veraged to obtain the phase-locked component of the evoked
als were averaged in the time-frequency domain. The tot§ ld. A RAP MUSIC dipole fit to the phase locked average

power, phase locked and induced components were analyzags calculated for the interval [0.04-0.6 sec, 25-50 Hz{| an

l'islngeta)th DICS and RAP MUSIC. The results are shown "he results are shown in Figdre 3, where the single dipole fit
IgureLl. is near or slightly posterior to right central sulcus.

F. Experimental data

We used magnetic field data from simple sensory and Il RESULTS

motor paradigms to evaluate the source estimation methods, ) , )
since the paradigms we selected make strong predictions for SimulationsSimulations: The results for DICS are shown
the anatomical regions of intereSE[14]. In the case of the mgn Figure 1, and described here for both DICS and RAP MU-
tor protocol, we predicted that we would observe beta desyr!C- For the total power case, both DICS and RAP MUSIC
chronization arising from contralateral primary motortear ~ cOrrectly identified both dipole locations and orientasion
[15]. For the sensory evoked field paradigm, we predicteé_f‘”th'n the 1cm grid tolgrance for DICS, and with approx-
that we would observe a phase-locked activity shortly aftefMately Imm rms location error for RAP MUSIC. For the
the stimulus arising from contralateral primary sensory co
tex. In addition, we felt confident that we could identify een Phase
tral sulcus anatomically from the MRI for this subject, and .
thus infer that primary motor cortex lay anterior to and pri-
mary sensory cortex lay posterior to the central sulcus. Induced
Data acquisition Magnetic field data were acquired from .
a healthy adult male volunteer using a 148 channel first order
magnetometer system (Magnes 2500, 4D Neuroimaging, Inc, Total .

San Diego CA). The data were acquired in two separate ses-
sions, once to acquire somatosensory evoked field data, and
on another occasion to acquire voluntary motor data. A VOlFigure 1: Source estimates from simulated data are shown msidg for
umetric set of T1-weighted structural MRIs were also avaijl-the three components. DICS found both components for thgnomér case
ble for thi biect. Prot | d by the Ssri at the correct dipole locations. For the phase-locked €€ finds the cor-
a e or .'S Sy Ject. !‘0 0cCols were approved Dy the S8MPPrect dipole, but also sees a contribution from the non-plasieed location.
Clinic Institutional Review Board. Magnetometer senser |0 In the induced case, DICS finds a single dipole at the coroeattion. DICS

cations were determined with respect to head fiducial point&aps computed as pSPM and plotted on axial slices, 1cm separati



phase-locked case, RAP MUSIC finds one dipole at the cor- IV. CONCLUSIONS

rect location for high (0.99) subspace correlation thrésho

and two dipoles (at both simulated locations) for lower §).9 We report a modest, but potentially useful, extension to
threshold. Similarly DICS finds two locations in the phase-existing MEG source estimation methods. By estimating
locked case, with a stronger source estimate for the (ddrrecdistributed (DICS beamformer) and discrete (RAP MUSIC)
phase-locked dipole. The appearance of two sources in theethods to total power, phase-locked, and induced compo-
phase-locked estimates may be attributed to incomplete avenents of time-frequency transformed MEG data, we can ad-
aging, with the phase-randomized signal leaving a residual dress a broader range of questions than previously, for ex-
the phase-locked transform. For the induced case, both-metample, attributing brain sources to event-related syrmibhes

ods correctly identified the (single) phase-randomizedldip tion, while minimizing contributions from phase-lockedo
source. In this case, RAP MUSIC obtains the same result gtonents.

either high or low threshold=xperimental dataDICS local- Our results support the conclusion that time-frequency
ized primary motor cortex from th@-desynchronization in- source estimation from MEG data is feasible for all compo-
duced correlation, shown in Figurk 2. RAP MUSIC localizednents, using either distributed or discrete methods. Ty a
primary somatosensory cortex from phase-locked SEF datauggest a potential clinical application in the localiaatdf
shown in Figuré3. primary motor cortex using DICS-based source estimation of
the B-desynchronization obtained during a voluntary motor
task. Additional studies will be required to validate thim€l

ical utility of this approach.
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Figure 3: RAP MUSIC fit a dipole (signal space correlatioregiirold 0.95, . . . A ; .
rank = 2) to SEF data . One dipole was found at the location shdive 13. Lutkenhoner B. Frequency-domain localization of ingrabral dipolar

right central sulcus (arrow, sulcus shown in blue) was ifiedtas the first 14 Tuégefﬁf'Igmb'l\.lr?g;?p&yas'%ggﬁfz:ﬁilz'lé&h and Magneti
sulcus anterior to the ascending branch of the right cirigudalcus, which : panicolaoutini gnetoencephalograpny gnetic

; . : : ; : ) Source ImagingCambridge: Cambridge Univ. Press 2009.
may be identified unambiguously in successive sagittal slices 15. G Pfurtscheller, Silva FH Lopeg&vent-Related Desynchronization

Amsterdam: Elsevier 1999.

Figure 2: (top) Induced DICS log(pSPM) inverse is shown felested in-

terval (0.05-0.18 sec, 17-24 Hz). The right central sulewso(v) was iden-
tified as the first sulcus anterior to the ascending branchefight cingu-

late sulcus, which may be identified unambiguously in suceessagittal

slices. (bottom) A brain voxel was chosen near the maximum otteait

related desynchronization in right primary motor cortex, aokderence was
estimated for the remaining brain voxels. The maximum coheremaseob-

served in left dorsolateral prefrontal cortex.
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