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Abstract. Various linear methods have been proposed to localize brain 
activity from external electromagnetic measurements. When interpreting 
the estimated spatiotemporal localizations, one must consider the spatial 
resolution of the particular approach. Locations with high spatial 
resolution increase the confidence of the estimates, whereas locations with 
poor resolution provide less useful localization estimates. We describe a 
"crosstalk" metric which provides a quanitative measurement of distortion at 
a given location from other locations within the brain. Crosstalk maps 
over the entire cortical surface provide a useful visualization of the spatial 
resolution of the inverse method. 

1 Introduction 
Localization of neuronal activity within the brain, based upon external measurement 
of the electric potential (EEG) and/or the magnetic field (MEG), is fundamentally ill- 
posed [12]. That is, for any set of  instantaneous EEG and/or MEG measurements, 
there are infinitely many current source distributions within the head that are 
consistent with those recordings. Thus, in order to solve the electromagnetic "inverse 
problem" one must place some constraints on the otherwise infinite solution space. 

A number of linear approaches have been proposed to overcome the ill- 
posedness of the inverse problem. These methods take advantage of the fact that if the 
locations of all possible sources are known a priori ,  the problem of determining the 
strength of each dipole (or dipole component) is a linear one. Since the number of 
possible source locations is, in general, much larger than the number of sensors, this 
is an under-determined problem. One common method for solving such under- 
determined linear problems is to choose the solution with the least power, also 
known as the minimum-norm (Moore-Penrose pseudo-inverse) solution [10, 24]. A 
variant of this method is to solve for the "smoothest" solution, as in the LORETA 
approach [19]. These linear approaches have certain advantages, including statistical 
properties that are well-known and easily characterized. 

Given the ill-posedness of the localization problem, numerous solutions are 
consistent with any given set of  external electromagnetic measurements. An 
important consideration in interpreting any localization approach is the spatial 
resolution of the method. Here, we describe a "crosstalk" metric that provides a 
quantitative measurement of the resolution inherent in the linear estimation approach. 
In addition, the mapping of the crosstalk metric onto the cortical surface provides a 
representation of resolution that is easily visualized. 

The particular technique used in these studies is an anatomically constrained 
(all activity is restricted to the cortex of the brain) linear estimation approach [4]. An 
optimal linear inverse operator is computed, which maps the external electromagnetic 
field measurements into an estimated distribution of dipole strength across the cortical 
surface. 
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2 Methods 

2.1 F o r w a r d  so lut ion  

The "forward problem" of calculating the electric potential and magnetic field outside 
the head, given the conductive current source distribution within the head and the 
individual conductive properties of the tissues, is a well-defined problem, governed by 
the quasi-static limit of Maxwell's equations [9, 17, 20]. As has been noted 
previously by numerous authors, this results in a simple linear relationship between 
the electric and magnetic recordings, and the components of dipole moment at any 
location in the brain. This allows us to express the forward solution in simple 
vector notation: 

x = A s + n  (1) 

where x is the vector of instantaneous electric and/or magnetic recordings, A is the 
so-called gain matrix (with each column specifying the electric and/or magnetic 
forward solution for a given dipole component), s is a vector of dipole component 
strengths, and n is a vector specifying the noise at each electrode/sensor. The 
elements of A are complicated non-linear functions of the sensor locations, and the 
geometry and electric properties of the head. Historically, the gain matrix has been 
calculated assuming an idealized head-shape, typically multiple concentric spheres of 
different conductivities. However, recent advances in numerical techniques and 
computer technology have made it practical to compute the forward solution for a 
more realistic non-spherical head. Furthermore, the advent of high-resolution 3-D 
MRI scans has made it possible to customize such realistic models to each individual 
subject's anatomy. 

In this demonstration, we used conductivity boundaries and cortical surfaces 
determined from the MRI  anatomy of a normal volunteer. The gain matrix 
calculations assumed the standard sensor geometry of the 122-channel Neuromag, Inc. 
MEG system [14]. We have adapted a realistic boundary element method (BEM) for 
calculating the forward solutions [5, 18]. 

The EEG forward solution computation requires the specification of 
boundaries between brain and skull, skull and scalp, and scalp and air, and the relative 
conductivities of each of those regions. The MEG forward solution, on the other 
hand, has been shown to require only the inner skull boundary to achieve an accurate 
solution [11, 13]. 

The surfaces required for computation of  the magnetic forward solution 
(cortical surface and inner skull) are automatically reconstructed from high-resolution 
Tl-weighted 3-D anatomical MRI data using the technique described by Dale and 
Sereno [4]. Briefly, the skull is first automatically stripped off the 3-D anatomical 
data set by inflating a stiff deformable spherical template of 642 triangles from a 
starting position in the white matter. The surface expands outward until it settles 
exactly at the outer edge of the brain. Since bone appears dark on MR images, this 
outer brain surface is then used to estimate the inner skull surface. The gray/white 
matter boundary for each cortical hemisphere is then estimated with a region-growing 
method, starting from a seed point in the white matter. The boundary between filled 
and unfilled 1 x 1 x 1 mm voxels is tessellated to generate a surface that typically 
consists of about 150,000 vertices for each hemisphere. The resulting surface is 
smoothed using a deformable template algorithm. Each vertex is moved according to 
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the vector sum of a curvature-minimizing force and an MRI force that works to 
prevent each vertex from penetrating the white matter. The resulting refined surface 
settles approximately near layer 4. For calculation of the forward solution, the 
cortical surface is filed with approximately 5600 vertices. 

Here we evaluated the results only for the MEG case. The biomagnetic 
sources were constrained to be within the cortical gray matter. Each possible source 
location was represented either by three orthogonal current dipoles placed at that 
location. 

2.2 Inverse  So lut ion  

Minimization of expected error [3], Bayesian estimation [7], Tichonov regularization 
[22], and the generalized Wiener filter [6] all result in an equivalent inverse operator 
(W): 

W = RAT (ARA T + C) -1 (2) 

where C is the covariance matrix of n, and R is the a pr ior i  covariance matrix 
estimate for s from Eq. 1 [4]. W is a linear operator that maps a recording vector x 
into an estimated solution vector ,~. Note that if both C and FI are set to a scalar 
multiple of the identity matrix then this approach reduces to the well-known 
minimum-norm solution [9, 10]. Two derivations, based on the minimization of 
expected error and Bayesian estimation, which arrive at different, but equivalent, 
inverse operators are shown below. 

The minimization of expected error [3, 4, 7], begins with a set of 
measurements specified by Equation 1. One would like to calculate a linear inverse 
operator W that minimizes the expected difference between the estimated and the 
correct source solution. The expected error can be defined as: 

Errw --ItfWx-sn21 (3) 

Assuming both n and s are normally distributed with zero mean and covariance 
matrices C and FI, respectively, the expected error can be rewritten as: 

E r r  W = ( IW(As+n) -s i2 /  
= / i (WA- I )s+Wn)12 / 
=/U.s+wnn / 
-- ( u . s r ) + / , w n l  2 ) 
= tr(MRM r)  + tr(WCW r)  

(4) 

(5) 

(6) 
where 

M = W A - I  
(7) 

(8) 
where tr(A) is the 
trace of A and is 
defined as the sum of 
the diagonal entries 
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Re-expanding the expression gives 

= t r ( W A R A r W  r - R A r W  r - W A R  + R )  + t r ( W C W  r )  (9) 

This last expression can be explicitly minimized by taking the gradient with respect 
to W, setting it to zero and solving for W. 

0 = 2 W A R A  r - 2 R A  r + 2 W C  
W A R A  r + W C  = R A  r 
W ( A R A  T + C )  = R A  T 

This yields the expression for the linear inverse operator: 

(]o) 
(]]) 
(]2) 

W = R A T ( A R A  T +C)-'  (13) 
The Bayesian linear inverse operator [7] derivation begins with the 

expression for conditional probability: 

P r ( s l x )  = P r ( x l s ) P r ( s )  (14) 
P r ( x )  

which one would like to maximize. Again, beginning with a measurement vector x: 
specified in Equation I, and assuming both n and s are normally distributed with zero 
mean and covariance matrices C and R, respectively, rewrite Pr(xls) and Pr(s) :  

Pr(x ls )  = e-(As-x)T C-'(As-x) 

Pr(s)  = e-STR -' , 

(15) 

(]6) 

This gives a simplified Bayesian expression: 

I (e-(As-x)r C-'(As-x) )(e-SrR-'s 
max[Pr(s lx) ]  = max Pr(x)  

= m ~ x [ -  (As  - x ;  C - ' ( A s  - x)  - s ~R-'s ] 

= m i n i ( A s -  x)  T C - ' ( A s -  x ) +  srR- ls ]  

(]7) 

(18) 
(19) 

Taking the derivative with respect to s and setting it to zero: 

2 A r C - 1 A s  - 2 A T C - l x  + 2 R - i s  = 0 

s = (ArC-1A + R- ' ) - 'ATC- 'x  = Wx 
(20) 
(21) 
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which yields the expression for the Bayesian linear operator 

W = (ATC-1A + R-1)-IATC-1 (22) 

Finally, it is possible to show that the linear operators given by Equations 
13 and 22 are equivalent (assuming that both -(ARA T + C-) and (A Tc-IA + R -1 ) are 

invertible). 

RAT (ARAT + C)-1 = (23) 

( A T C - I A  + a- ' ) - '  (ATC-IA + R-1)RA T (ARA T +C) -1 
= (ATC-1A + R- ' ) - ' (ArC- 'ARAT + AT) (ARA v +C)- '  (24) 

= (ATC-'A + R-')-' (ArC- ' ) (ARA T + C) (ARA T +C)-' (25) 
= (ArC_IA + R_ 1)-1 ATC_ 1 (26) 

Although these two operators are equivalent, it is computationally more 
efficient to use the inverse operator given by Equation 13 (based on the minimization 
of expected error) since it only requires the inversion of a matrix that is square in the 
number of sensors, compared to square in the number of dipoles. Typically, the 
number of sensors is on the order of 200, whereas the number of dipoles can easily be 
in the thousands. 

Once the optimal linear inverse estimator W is calculated for a given 
anatomy (cortical surface), and sensor placement, the estimated spatiotemporal pattern 
of electric/magnetic activity (dipole strength) can be calculated using the simple 
expression: 

.~(t) = Wx(t) (27) 

where S( t )  and X(t)  are the estimated dipole strength and recording vectors as a 
function of time, respectively. 

2.3 Crosstalk Metric 

The estimated source strength (Si) at each location i can be written as a weighted sum 
of the actual source strengths at all locations, plus a noise contribution. This is due 
to the linearity of both the forward solution and our inverse operator. More formally, 
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Si = WiX (28) 

= w i ( A s  + n)  (29) 

/ = W i aj sj+ n 

,~_, (wia,) sj+ w,n (31) 

where wi i s  the ith row of W, and a j  is the jth column of  A (i.e., the lead field 
including orientation information at location j). Note that the first term in Equation 
31 is the sum of the activity (S i )  at every location j, weighted by the scalar w / a / .  
The second term reflects the noise contribution to the estimated activity at location i. 

We would like an explicit expression for the relative sensitivity of our 
estimate at a given location to activity coming from other locations. We define a 
"crosstalk" metric (~ij), similar to the averaging kernel of the Backus-Gilbert method 
[1, 2] as follows: 

w i a ,  2 

I(WA),;I Iw,a,I 
(32) 

where WA is the resolution matrix [8, 16] or resolution field [15]. 

By comparing Equations 31 and 32, we see that the crosstalk metric xij 
describes the sensitivity (or weighting) of the estimate at location i to activity at 
location j,  relative to activity at location i, and provides a measurement of the 
distortion due to location j .  A crosstalk value of 0% means that the estimated 
activity at location i is completely insensitive to activity at location j. A crosstalk 
value of 100% means that the estimated activity at location i is equally sensitive to 
activity at locations i andj. 

Two locations, one on the top of a gyrus and one in the bottom of a 
neighboring sulcus, were selected for display. For each location, the crosstalk from 
all other locations was calculated. This computation shows the spatial spread of the 
estimate at each location. 
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3 Results  

Fig. 1. Maps of the crosstalk metric (x/j) for two different locations i (see arrows) were 
computed for all locations j, shown in folded (top) and inflated (bottom) cortical surface 
views. Surface curvature is represented in grayscale (light and dark gray corresponding to 
gyri and sulci, respectively). The crosstalk represents the relative sensitivity of the dipole 
strength estimate at a given location to activity at other locations (shown in color, 
ranging from 0 (gray), to 10 (yellow)). Note the greater spread of the crosstalk for the deep 
location (right) relative to the superficial location (left), reflecting different intrinsic 
spatial resolution for these locations. 

All cortical locations may potentially contribute to the estimated activity at 
any given location (see Equation 31). The computed crosstalk for two locations is 
shown in Figure 1 on the normal and inflated cortical surfaces. The cortical inflation 
process allows for visualization of the entire cortical surface, including areas buried 
within deep sulci [4, 21, 23]. The maps indicate the relative weighting of activity at 
each and every location (j) contributing to the estimated activity at the indicated 
locations (i, white arrow). The superficial location on top of the gyrus (left figures) 
clearly shows much less sensitivity to activity at other locations, and consequently 
intrinsically higher spatial resolution, than the deeper location at the bottom of the 
nearby sulcus (right figures). 

4 Discuss ion  
The estimate of activity at a given location is potentially affected by activity at other 
locations. The crosstalk metric, as described here, provides a quantitative 
measurement of the sensitivity of the estimate at a location to the activity at other 
locations. Spatial maps of crosstalk can be generated by combining the crosstalk 
metric with an explicit representation of the cortical surface. The interpretation of 
brain activity localized based on external electromagnetic measurements is greatly 
enhanced by the additional computation of crosstalk maps. This type of spatial 
information can show which regions of the brain are intrinsically less sensitive to 
localization error. 
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Such crosstalk maps can directly address the issue of mis-localized activity 
between two or more areas of activation. If there is little overlap between the 
crosstalk maps of those areas, one can be confident that the localization at one area is 
unaffected by activity at the other area. Conversely, if the spatial crosstalk map of 
one region of activity encompasses another region of activity, the particular inverse 
method examined would not be able to accurately separate the activity from those two 
areas. Using the spatial crosstalk map potentially provides a principled argument for 
determining which brain regions can be well localized, allowing confident analysis of 
estimated activity using the linear estimation approach. 
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