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ABSTRACT sources is still an open inverse problem.

The synchronous brain activity measured via magentoen- A variety of algorithms attempt to overcome the ill-posed
cephalography (MEG) or electroencephalography (EEGHature of source IocaI|zat|oq. TheseT algorlthms are heavil
arises from current dipoles located throughout the cortexd€Pendenton prior assumptions, which in a Bayesian frame-
The number, location, time-course, and orientation ofaéhesWork, are embedded in the prior distribution on the sources.
dipoles, called sources, are estimated usirgparce local- SUch a prior is often considered to be xed and known, as
ization algorithm Source localization remains a challengingn Minimum variance adaptive beamforming (MVAB) [6] and
task, one that is signi cantly compounded by the effects ofSLORETA [4]. Alternatively, a number of empirical Bayesian
source correlations and interference from spontaneotis bra@PProaches have been proposed that use the data to search
activity and sensor noise. Likewise, assessing the iniersz  fOF @n appropriate prior. While advantageous in many re-
between the individual sources, knownfasctional connec- SPECts, these methods have dif culties estimating complex
tivity, is also confounded by noise and correlations in thé:orrelated source con gurations with unknown orientasion
sensor recordings. In addition, computational compleity I the presence of background interference.
been an obstacle to computing functional connectivity.sThi ~ The rst contribution of this paper to is to introduce a
paper derives an empirical Bayesian method for performingiovel empirical Bayesian scheme that improves upon exist-
source localization with MEG and EEG data that includegng methods in terms of reconstruction accuracy, robustnes
noise and interference suppression. We demonstrate thamd ef ciency. The algorithm derived from this model, which
this method surpasses standard methods of localization. Wie callChampagnegis designed to estimate the number and
addition, we demonstrate that brain source activity iférr location of a small (sparse) set of exible dipoles that ade-
from this algorithm is better suited to uncover the inteiaeg ~ quately explain the observed sensor data. This methodcrelie
between brain areas. on having access to pre- and post-stimulus data, where the
pre-stimulus data is thought to contain no stimulus-evoked
brain activity.

Functional connectivitgan be estimated from the output
of source localization. Functional connectivity can be de-

1. INTRODUCTION scribed as understanding brain function in terms of the way

Magnetoencephalography (MEG) and related electroerhformation is transmitted and integrated across brain net
cephalography (EEG) are commonly used modalities fopvorks. In the most complete case, one would like to make
non-invasively measuring brain activity using an array ofinferences from a causal linear model that describes the de-
sensors on or near the surface of the scalp to make direBendencies among activities across all voxels. However, du
measurements of the magnetic eld or voltage potential. Thé0 the large number of voxels, solving such a model is com-
observed eld is generated by large ensembles of neurorgutationally expensive and virtually impossible with lted,
ring synchronously, which are approximated as currentNOisy data. Instead, existing techniques for estimatimg-fu
sources. Asource localization algorithnis used to solve the tional connectivity approximate the full problem in varsou
inverse problem, i.e. determining the combination of cutrre Ways, but there is a tradeoff between reducing the computa-
sources that best explains the eld recording. The inverséonal complexity and loss of sensitivity.
problem is ill-posed because the number of potential sgurce Improving source localization goes hand-in-hand with
is much greater than the number of sensors. Determiningnproving functional connectivity methods. Better estima
the spatial distribution and time courses of these unknowtion of the source locations and time courses, yields a more

Index Terms— Magnetoencephalography, brain, source
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accurate estimation of connectivity. Paradoxically, iefeces  to each sourc&;. We de ne to be thedsd.  dsd. block-

about connectivity can be made from the correlations bediagonal matrix formed by ordering each along the diago-

tween source time-courses, but many common localizational of an otherwise zero-valued matrix.

algorithms (such as MVAB) have signi cant trouble recon-  If were somehow known, then the conditional distribu-

structing correlated brain activity. Consequently, thisra  tionp(SjB; ) / p(BjS)p(Sj) is afully speci ed Gaussian

fundamental problem applying many existing localizationdistribution. However, since is actually not known, a suit-

methods to functional connectivity estimation. able approximatiof must rst be found. One principled
The second contribution of this paper is the application ofvay to accomplish this is to integrate out the sourSesnd

Champagne to the problem of functional connectivity. Thethen minimize the cost function

sparseness of Champagne's solution makes it ideal for this . 1 -

purpose. Not only is Champagne robust to highly correlated L0 . 2logp(Bj)  trace Cp = +logj vij: (4)

dipoles, but it also circumvents the issues of computationavhereCy , d; BB T is the empirical covariance and, ,

complexity by vastly pruning the number of active voxels. + L LT,whereL , [Li;:::;Lg.].

We present results from simulated and real MEG data show-

ing Champagne's ef cacy in both reconstructing brain activ 3. LEARNING THE HYPERPARAMETERS

ity and estimating functional connectivity. The hyperparameters,, are estimated from post-stimulus

2 THE MODEL data. Minimi.zing thg cost functiqn (4)_With respect to

can be done in a variety of ways, including the expectation-

Source localization can be posed as follows: The measurgdaximization (EM) algorithm, but this and other generic
electromagnetic signal B 2 R% %, whered, equals the methods are exceedingly slow whel is large. Conse-
number of sensors and} is the number of time points at quently, here we derive an alternative optimization proced

which measurements are made. Each unknown s@ir@  that handles arbitrary/unknown dipole orientations, aii-c
RY% d js ad.-dimensional neural current dipole ,éttime verges quickly.

points, projecting from the-th (discretized) voxel.B and This procedure is fully described in [8]; this methods re-
eachS; are related by the likelihood model lies on two alterations. The rst is replacirgy with a matrix
Xs B 2 R% rak(B) gych that®BT = C,, thus removing any
B = LiS + E (1)  per-iteration dependency ah. The second is constructing
i=1 auxiliary functions using sets of upper-bounding hyperpta
whereds is the number of voxels under consideration,2 ~ and auxillary variableX, andZ. This leads to the modi ed
Rd de is the so-called lead- eld matrix for theth voxel. ~ cOSt function:
Thek-th column ofL; represents the signal vector that would Hs 2
be observed at the scalp given a unit current source/dipolea L() L ( :X;Z2)= B Ei X +
thei-th vertex with a xed orientation in thé&-th direction. i=1 !
It is common to assumé. = 2 (for MEG) ord. = 3 (for s h i
EEG). Finally,E is a noise-plus-interference term where we kXik? ; +trace Z | h (2); %)
assume, for simplicity, that columns are drawn indepergent i=1 '
fromN (0; ). _ . S
We can fully de ne the assumed likelihood whereh (.Z) s the cpncave.conjugate twigj o [8] an_d by
0 ) constructiorL() =min x minz L( ;X;Z). We then itera-
, 1 Xs tively optimizeL ( ; X;Z ) via coordinate descent over X,
P(BjS) / exp@ > B X LiS Al @ anaz resulting inthe#pdate rules:
i= 1 |
from the noige model (1), whekX kw denotes the weighted X{*! E SijB8 = L ,'B (6)

matrix norm tracdX TWX]andS, [S;;:::;Sq.]". The
unknown noise covariance will be estimated from the data
using a variational Bayesian factor analysis (VBFA) model a
discussed in Section 4 below; for now we will consider that it
is xed and known. We assume the following for the source N4
prior onS:

z{*™! O logj b = L ,'Li: ()

- - _, 1=2 -
: 1=2 Zil—ZX i X iT Zi1—2 Z. 1—2; (8)

" « #1 In summary then, to estimate we need simply iterate (6),
. 1 T 1e . (7), and (8), and with each pass we are guaranteed to reduce
P(SI) /I exp Etrace St S (3) (orleave unchanged)( ) ; we refer to the resultant algorithm

| I
=L asChampagneThe convergence rate is orders of magnitude

This is equivalent to applying independently, at each timefaster than EM-based algorithms. Upon convergeXicds
point, a zero-mean Gaussian distribution with covariance our source estimate for theh voxel



4. LEARNING THE INTERFERENCE E levels with standard errors. Champagne quite signi cantly
outperforms MVAB and sLORETA.

;I;gfn ?[?:e;s_lgts';]m? r;zr:tr; ceT:]eerrliz,aI;(_)rr]n (];Z)(I:Se dcarlgudlated_b We also ran Champagne, MVAB, and sSLORETA on an au-
b imuld ' ngp u : ditory data-set that is known to have highly correlated Bipo

n the previous section b_0|ls dow_n to tling a structTured in the right and left auditory cortices. Figure 2 shows that
maximume-likelihood covariance estimatg = +L L

to the data covariances, whereL LT re ects the brain Champagne is able to recover bilateral d|p_oles, while MVAB
X . : . . ) and sLORETA nd only the source on the right.

signals of interest while  will capture all interfering fac-

tors, e.g., spontaneous brain activity, sensor noise, leusc

artifacts, etc. is estimated from VBFA. While details can

be found in [2], the procedure computes the approximation

C, + EET+AAT; (9)
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whereE 2 R% 9 represents a matrix ok learned interfer- 04
ence factors, is a diagonal noise matrix, anl 2 R% da 3

A Prime Metric
°
>
Average Correlation Coefficient
°
&

represents signal factors. Then,wesett + EET and C— w4 E— 0
proceed as in Section 3. @ ®
Fig. 1. Performance evaluation: (a) Aggregate localization
5. PERFORMANCE: LOCALIZATION AND results for MVAB, sSLORETA, and CHAMP for recovering
TIME-COURSE RECONSTRUCTION three correlated sources with unknown orientations. (i) Es

We conducted tests using simulated data with realisticcgour mated time-course correlation coef cient results.

con gurations. The brain volume was segmented into 5mm

voxels and a two orientationd{ = 2) forward lead eld

was calculated using a single spherical-shell model [5]e Th

data time courses were partitioned into a pre-stimulusogeri

where there is only noise and interfering brain activity and

a post-stimulus period where there is the same (statistical (@) Champagne  (b)MVAB (C)SLORETA

noise and interference factors plus source activity ofrege _ ) _

The pre-stimulus activity consisted of the resting-statessr Fig. 2. Perfor.mance on areal auditory data-set that has highly

recordings collected from a human subject and is presumed g'related, bilateral sources.

have spontaneous activity (i.e., non-stimulus evokedcas)r

and sensor noise; this activity was on-going and contin- 6. PERFORMANCE: FUNCTIONAL

ued into the post-stimulus period, where damped-sinukoida CONNECTIVITY

sources were seeded and projected to the sensors through Sienulated data was created as described above with

lead eld. We were able to adjust the signal-to-noise-plusSNIR = 10dB and an intra-dipole correlation of 0.5. The

interefence ratio (SNIR), the correlations between the difsensor data is shown in Figure 3(a). We decided to simulate a

ferent voxel time-courses (inter-dipole), and the cotrets  network of 7 nodes (or voxels). The inter-dipole correlasio

between the two orientations of the dipoles (intra-dipdte) are depicted in the diagram found in Figure 3(b) where the

examine the algorithm performance on unknown correlatedolor of the lines between the sources denotes the strefigth o

sources and dipole orientations. correlation, with red being high and blue being weak (see col
We obtained aggregate data on the performance of owrbar in Figure 3). The line type indicates whether the mix-

method at SNIR levels of -5, 0, 5, 10dB, with 100 randomlying was instantaneous (dashed) or non-instantaneoud)(soli

(located) seeded sources at each level. The sources in thasle chose two pair-wise connectivity metrics: coherence and

simulations had an inter- and intra-dipole correlationfeoe imaginary coherence. Coherence is a traditional metric of

cients of 0.5. We chose to test our algorithm against two-starconnectivity and is the frequency domain representation of

dard source localization algorithms: minimum variancepada cross-correlation. The coherence is a complex-valued-quan

tive beamforming (MVAB) [6] and a non-adaptive spatial |- tity; we looked at both the magnitude of the coherence and

tering method, sSLORETA [4]. We used two features: sourceghe imaginary part of the coherence alohmaginary coher-

localization accuracy (measured with tA& metric [7]) and  enceis a relatively new metric developed for use with MEG

estimation of time course (measured with the correlati@i-co and EEG data[3]. It only re ects the coherence that is non-

cient of the true time course and the estimated time course)nstantaneously mixed. Functional connectivity methoills w

Both theA®metric and correlation coef cient range from 0 to MEG are subject to spurious correlations arising from insta

1, with 1 implying perfect localization or time course estim taneous correlations at the sensors. While imaginary eoher

tion. Figure 1 displays comparative results at different/ESN ence under-estimates the coupling between two brain ateas,



GROUND TRUTH

has been shown to be more robust than coherence when u: SIMULATED DATA
MEG source reconstructions. [1]

Figure 3(b), (c), and (d) show composite plots for th
ground truth, Champagne, and MVAB source reconstru
tions respectively. These plots combine the reconstmcti
and functional connectivity results. Champagne is able
reconstruct all the sources, while MVAB fails to reconstru¢ ==
the sources even at this high SNIR (10dB). The black circles
mark the true locations of the sources and the surface plot
shows the maximum intensity projection of the power of th
source estimate at every voxel, illustrating the inferred |
cation of the sources. The lines between the sources de|
the functional connectivity results. We used the coheren
measure to reconstruct the correlations (shown by the co
of the lines) and imaginary coherence to determine whic
correlations are instantaneous or non-instantaneousv(shc T e T T
by dashed versus solid lines). Coherence and imaginary co- (©) (d)
herence contain complimentary information. The simijarit
of the ground truth and Champagne plots demonstrates that

these two quantities can be used in conjunction to uncover . ]
the strength and lags (instantaneous vs. non-instantaheotf'd- 3 (&) Simulated sensor data (SNIR=10dB). Red-line de-

of interactions in a network of brain areas. MVAB only re- PiCtS pre- and post-stimulus divide. Maximum intensity-pro
constructs the location of one source accurately, so we tlo néE€tion (showing the localization accuracy) and network-co

compute the functional connectivity results for the MVAB Nections for (b) ground truth, (c) Champagne, and (d) MVAB.
results. For all three, solid line indicates non-zero lag and dasimed |

indicates zero-lag and the color bar depicts the color oale
7. DISCUSSION the strength of correlation. For (c) the magnitude of theecoh
ence sets the color and imaginary part of the coherence sets
the dashed vs. solid aspect of the lines.
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