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in  this  structure.  The  cerebellum  is  essentially  a  planar  sheet of neural  tissue  with 
neural  elements  oriented  along  the  orthogonal  axes  of  the  Cartesian  coordinate  system, 
as  schematically  shown  in  figure 1. The  mossy  fibres  make  synaptic  contacts  with 
granule  cells  which  send  their  axons  dorsally  and  given  rise  to  parallel  fibres.  These 
parallel  fibres  in  turn  make  synaptic  contacts  with  Purkinje  cell  dendrites.  The  climbing 
fibres  make  direct  synaptic  contacts  with  Purkinje  cell  dendrites.  There  are  also  Golgi 
and  stellate  cells  which  make  inhibitory  synaptic  contacts  with  granule  cell  dendrites 
and  Purkinje  cell  dendrites,  respectively.  The  activity  of  Purkinje  cells  modulated by 
the  afferents  is  transmitted  to  other  parts  of  the  brain  via  Purkinje  cell  axons  which 
form  the  sole  efferent  pathway in the  cerebellum.  Since  the  neural  elements  are  oriented 
orthogonally, it should  be  possible to selectively  measure  the  magnetic field from 
Purkinje  cells  and  other  cells  oriented  parallel  to  them by placing  the  cerebellum 
vertically in the  bath  with  the  parallel  fibres  oriented  normal  to  the  bath  surface, 
provided  that  the  field is solely  due to tangential  sources.  Thirdly,  the  cellular  organisa- 
tion  of  the  turtle  cerebellum is basically  the  same,  except  for  the  absence  of  inhibitory 
basket  cells,  as  those  of  higher  animals  in  phylogeny  and  even  similar  to  the  cellular 
organisation  in  the  cerebral  cortex  of  higher  animals.  Thus,  experimental  results  should 
be  useful  in  inferring  the  nature  of  current  generators  of  the  human MEG. Finally,  the 
turtle  cerebellum  can  be  maintained  in  a  physiologically  functional  condition  for  as 
long  as 2-3 days,  by  keeping  the  brain  in  oxygenated  Ringer  solution.  Consequently, 
the  measurements  can  be  carried  out  under  steady-state  conditions  for  a  long  time. 

Figure 1. Schematic  illustration  of  cellular  arrangement in turtle cerebellum.  Parallel fibres (pf-branched 
axons of granule  cells) run laterally below the  dorsal  surface.  Purkinje  cells  (Pc)  are  oriented  perpendicular 
to  parallel fibres. Granule  cells  (pc)  and  glial cells ( B c c a l l e d  Bergman  cells)  are  parallel to Purkinje  cells, 
sc:  stellate  cells;  GC:  Golgi  cells. 

In our  initial  experiments,  the  magnetic  field  was  measured  under  two  paradigms, 
one  within  the  framework  of  the  classic  field  potential  studies of Eccles er a1 (1966) 
and  the  other  within  the  framework  of  spreading  depression (SD) (Le lo  1944). 

In the first set  of  experiments,  the  cerebellum  was  removed  from  the  skull  and 
placed  in  a  bath  of  Ringer  (figure 2 ) .  The  tissue  was  oriented  with  Purkinje  cells 
parallel  to  the  bath  surface  and  the  dorsal  midline  was  stimulated  electrically  with  a 
brief  (40-60 PS) monopolar  pulses  applied  at 0.5 Hz. The  evoked  magnetic  field  normal 
to  the  bath  surface ( B , )  was  monitored  at  a  distance of 17 mm  with  an  asymmetric 
second-order  gradiometer  (pickup  coil  diameter = 1.0 cm  and  baseline = 4.0 cm)  for 
5 1  ms,  beginning 5 ms  before  the  stimulus  and  ending  46  ms  after  the  stimulus,  with 
a  bandwidth  of 0.5 Hz to 2 kHz.  The  response  was  averaged  over 200 repetitions.  The 
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Figure 2. Experimental  arrangement  for  the field potential  and  spreading  depression  experiments. 

extracellular  potential  was  simultaneously  monitored in the  molecular  layer with a 
glass  micropipette  and  averaged in the  same way as  for  the  magnetic signal. All 
recording was carried  out in a magnetically  shielded chamber  to minimise  low- 
frequency  noise in the  output of the  magnetic field detector  and  to optimise the 
performance of the  instrument  at  higher  frequencies. 

The  basic results are  shown in figure 3.  The  magnetic field variations  shown  on 
the left side were measured  at  a rostral (top traces)  and  a  caudal  (bottom  traces) 
position. At each  detector  position,  the field was measured  for  two  stimulus  polarities 
(full  and  broken  curves).  The traces  shown on  the right  are the  extracellular  potentials 
measured  simultaneously with the respective  magnetic fields to  monitor  the  physiologi- 
cal  condition of the  preparation.  The results  show  that the evoked  magnetic fields 
consisted of three  major  components  in  the  temporal  waveform,  a  fast  biphasic 
component with peak  latencies of 1.5 and 2.5 ms in the responses  obtained for  one 
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Figure 3. Magnetic field (left  traces)  obtained  over  the  rostral  (top)  and  caudal  (bottom)  sides of the 
cerebellum  and  extracellular  potentials  (right  traces)  measured  simultaneously  with  the  magnetic field for 
two  stimulus  polarities  (indicated by broken  and  full  curves). 

Suffisant numbers of pyramidal neurones	

Okada, Lauritzen & Nicholson Phys. Med. Biol., 1987



Can MEG see deep?
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Let’s go back to theory



Mathematical model of the data (linear!):

M = G.s + n
MEG / EEG measures

Cortical activity

Forward operator

Noise

Nc x Nt

Nc x Ns

Ns x Nt

Ns x Nt

Nc => Number of sensors

Nt => Number of time points

Ns => Number of sources

M => known MEG or EEG signals

G => known forward operator

S => cortical currents

N => zero-mean additive noise

G explains the magnetic field created by a set of sources with known location & direction on each sensor
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therefore obscure them when active simultaneously. We therefore
normalized the distributions of overall amplitude to their maxima for
each individual data set before grand-averaging. This normalization
procedure removed inter-individual amplitude differences, e.g., due
to sensor positioning, signal-to-noise ratio, etc.

Thesemetrics were computed for all PSFs/CTFs at all vertices in the
source space for each subject. The result for each individual was then
morphed to the average brain across all subjects, using the spherical
morphing procedure in the FreeSurfer software. A grand-average of
the morphed surfaces was computed, which was then displayed on
the inflated average cortical surface.

Results

Fig. 2 presents the grand-average sensitivitymaps for the left lateral
and top views for our simulation configuration. For each location in
source space, the sum of squares of the corresponding column of the
forward solution was computed, and plotted as a distribution. Our
sensor configuration is most sensitive to sources close to the gyri, as is
generally the case for MEG (Goldenholz et al., 2009; Hämäläinen et al.,
1993; Hillebrand and Barnes, 2002). Sensitivity dramatically drops off
with distance from the sensors, resulting in low sensitivity within the
Sylvian fissure and in orbito-frontal cortex. The inferior sensitivity to
frontal compared to posterior sources is most likely due to the fact that
our participants were seated with the backs of their heads against the
back of the dewar, i.e. the distance between frontal sources and the
sensors was larger than for posterior sources.

Fig. 3 presents PSFs for 3 sources at different locations for MNE,
dSPM and sLORETA. This is meant to illustrate the main properties of
these methods, rather than to provide a systematic comparison. The
locations were chosen in order to represent sources at the tip of the
occipital lobe, at the top of the central sulcus, and a deeper source in
the insula. This figure also contains the corresponding values for DLE,
SD, as well as relative overall amplitude. The source in the occipital
lobe is well localized by all three methods. However, the MNE dis-
tribution is noticeably less extended than those for dSPM and
sLORETA, which are similar to each other. A similar pattern of results

is obtained for the source in the central sulcus, although MNE is more
spread out than for the occipital source. Again, dSPM and sLORETA are
more extended and resemble each other (though note that DLE for
sLORETA is zero, as expected). For the source in the insula, MNE
produces maximum activation in anterior middle temporal areas and
negligible activation around the true source location, i.e. activation is
clearlymislocalized (by about 3 cm), being projected to areas closer to
the sensors. Both dSPM and sLORETA show maximum activation
around the true source location. However, activation with comparable
amplitude also spreads to inferior frontal and superior temporal areas,
with some noticeable activation also in inferior temporal regions.
Note also that the relative OA between the insula and occipital
location is very low for each method (i.e., a factor of 20–50).

Fig. 4 shows the resolution metrics dipole localization error (DLE),
spatial dispersion (SD) and overall amplitude (OA) for CTFs for MNE,
dSPM and sLORETA. As is obvious from the theoretical description of
these methods, their DLE and SD distributions are identical, reflecting
the fact that their CTFs only differ with respect to scaling, but not with
respect to shape. Not surprisingly, DLE is largest within sulci, in
particular in the Sylvian fissure and in orbito-frontal areas (where it is
larger than 5 cm), i.e. areas that are furthest from the sensors. SD
shows a similar pattern, and also exhibits larger values in anterior
compared to posterior areas, resembling the sensitivity maps in Fig. 2.
OA distributions differ between methods. MNE shows the greatest
differences in amplitude between CTFs, with lowest amplitudes in
sulci, particularly in the Sylvian fissure. Relative differences in
amplitude between CTFs are smaller for dSPM and sLORETA. These
methods show a somewhat reversed pattern compared to MNE, i.e.
larger amplitudes for locations in sulci. This means that the amplitude
estimate for the noise is lower than the amplitude estimate for point
sources in the sulci, therefore overcompensating for the lower
amplitudes of the MNE.

Fig. 5 shows the resolution metrics applied to PSFs for all three
methods. As expected, in this case shapes as well as amplitudes differ
between methods. sLORETA has the theoretically predicted zero DLE
at every source location. Because the resolution matrix of MNE is
symmetric, the distributions for its PSFs are identical to those of its
CTFs in Fig. 4. MNE shows the largest DLEs among the three methods,
mainly in the Sylvian fissure and in orbito-frontal areas. While DLEs
for dSPM do not reach values as high as for MNE (and in fact are close
to zero in the Sylvian fissure, for example), the distribution appears to
be smoother than for MNE, with larger values of DLE for dSPM close
the gyri. The distributions for SD show similarities across methods,
with largest values in the Sylvian fissure, the anterior temporal lobe
and in orbito-frontal cortex. The differences among methods will be
analyzed in more detail in Fig. 6. OA is similar amongmethods as well,
with lowest values in sulci, the Sylvian fissure and orbito-frontal
cortex. This pattern resembles the sensitivity maps in Fig. 2.

In Fig. 6, the differences among the resolution metrics applied to
PSFs for different methods are shown. For DLE only the difference
between MNE and dSPM is presented because the DLE for sLORETA is
zero, and the subtraction would yield the same distributions as in

Table 1
Resolution metrics.

Dipole localization
error

Spatial dispersion Overall amplitude

DLEi =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
xp−xi
" #2

q

xp : peak coordinate
xi : true coordinate

SDi =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑j dijF2ij
∑j F2ij

vuut

dij : distance between
locations j and i

Ai = ∑j Fij
$$ $$ (normalized

to maximum for each
subject)

Formulas for the resolution metrics used in our simulations. F represents the distributions
of point-spread functions (PSFs) and cross-talk functions (CTFs), respectively. | | indicates
the absolute value. PSFs are the columns of the resolution matrix, representing the
estimated source distribution for a single point source. CTFs are rows of the resolution
matrix, describing the sensitivity of an amplitude estimator for a single point source to all
other sources.

Fig. 2. Grand-average sensitivity maps (sum of squares for each column of the leadfield) for gradiometers and magnetometers, normalized to their maxima. Lateral and top views of
the left hemisphere are shown. Sources were assumed to have fixed orientation perpendicular to the cortical surface.

1969O. Hauk et al. / NeuroImage 54 (2011) 1966–1974

MagnetometersGradiometers

Sensitivity at the 
cortical level

Figure 1.
Sensor and surface configuration. A: The locations of the MEG sensor array with respect to
the head (Subject 2). B: The locations of the EEG electrodes on the scalp. C: Surface rendering
of the cerebral cortex with the scalp rendered semi-transparent. The second row shows the
tessellations of the scalp (D), the outer surface of the skull (E), and the inner surface of the
skull (F) employed in the boundary-element forward model. These surfaces were reconstructed
from the structural MRI. [Color figure can be viewed in the online issue, which is available at
http://www.interscience.wiley.com.]
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!x, !y, and !z are the x, y, and z coordinates of the
mean dipole location, "x0, "y0, and "z0 are the standard
deviations of the dipole location for a dipole with
strength q0, q is the dipole strength and 2! is the edge
length of the cubic confidence volume. A value of ! "
0.5 cm is used throughout this work. Hari and col-
leagues (Hari et al., 1988) have shown that confidence
volumes form rather banana shaped regions, especially
for deeper sources. However, Vrba and Robinson
(1999b) demonstrated that the formalism of the cubic
detection probability can easily be adjusted for arbi-
trary shaped confidence volumes and that results ob-

tained for both cubic and arbitrary shaped confidence
volumes are very similar.

The values for "x0, "y0, and "z0 are obtained from a
linear expansion of the dipole equations around the
given dipole location (Matsuba et al., 1996), assuming
that the noise is random with zero mean, the same for
all sensors and independent at different sensors.
Hence, the detection probability is a function of the
dipole parameters (location, orientation and magni-
tude), sensor configuration, head model, noise level and
edge length of the cubic confidence volume. The accu-
racy of our implementation of these formulas is dem-

FIG. 4. Detection probability maps for subjects IEH (a–d) and KDS (f ). The folded cortical surface is viewed from the right (a),
left-midline (b), and top (c). Right-sided views of the inflated cortical surfaces with the detection probability maps overlaid (d, f ) and with the
gyri and sulci color-coded in light and dark grey, respectively (e, g), are also shown. The same parameters were used as for Fig. 3. Note the
high values on sulcal walls and the very thin strips of low detection probability at the crests of gyri and at the troughs of sulci. Note also the
similarity between the two subjects (d, f ).
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sured data? In order to examine this, in addition to
looking at the detection probability for the target
source, we estimated the bias in relocating the target
source. This was done by fitting an equivalent current
dipole to the effective gain of the target source, using a
Simplex algorithm (Nelder and Mead, 1965). We de-
fined the bias in dipole location to be the Euclidean
distance between the target source and the fitted dipole.

Subsampling

There are more than 100000 potential sources in
each hemisphere and therefore it is computationally
expensive to construct all possible extended sources. In
order to examine the effect of subsampling, one thou-
sand point sources were randomly selected and their
detection probabilities were displayed as a cumulative
plot (Fig. 3a). This was repeated 10 times and the mean
standard error of the cumulative detection probability
due to the subsampling was computed. The influence of
subsampling on the mean standard error is shown in
Fig. 3b. It follows from this figure that the mean stan-
dard error is less than 0.07 when 30% of the sources
are used for the computation of the cumulative detec-
tion probability. Since the probability curves can be
subsampled without introducing noteworthy errors in
the conclusions drawn from these curves, only 30% of
the cortical sources in the left hemisphere of subject
IEH were used in the simulations for extended sources.

RESULTS

Point Sources

The detection probability maps for theoretical cur-
rent dipole sources within the cortical surface are given
in Fig. 4. The detection probability maps reveal that
very thin (!2 mm) strips of low detection probability

exist at the troughs of sulci and at the crests of gyri.
However, gyral sources located near the sulcal wall
have high detection probability, as do sources located
on sulcal walls. Also note the relatively low detection
probability for areas in the temporal lobe and the sim-
ilarities between the two subjects.

The graph of the cumulative detection probability
versus the percentage of total cortical area (Fig. 5)
reveals that 47% of the brain activity in the left hemi-
sphere of subject IEH can be detected with a probabil-
ity of 0.7 or higher, given the parameters used. Note

FIG. 8. Maps of the source strength that is needed to obtain a detection probability of 0.7 (subject IEH). The folded cortical surface is
viewed from the right (a), left-midline (b), and top (c). The colormap of the source strength is clipped at 10 nAm. The same parameters were
used as for Fig. 3. Note that for most cortical areas physiologically reasonable source strengths are sufficient for a detection probability of
0.7. For deep sources a source strength of 10 nAm or more is needed in order to obtain a high detection probability.

FIG. 9. Influence of source area on the cumulative detection
probability for sources with a moment per unit area of 50 pAm/mm2.
In general, larger source areas result in larger effective dipole
strengths and hence in larger detection probabilities. Note that more
than 59% of the sources can be detected with high probability ("0.7)
when the source area exceeds 2.5 cm2.
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location, strength (density of cells), but also geometry (orientation)
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Can we go further… deeper?

➡ Survey of the potential biases and of the spatial resolution 
in deeper part of the brain

➡ Evaluate detectability structure by structure!
!

➡ Evaluate localisation errors

Attal & Schwartz PlosOne 2013



Anatomical model
➡ Cortex segmentation!
!
➡ Basal ganglia!
➡ Hippocampus & Amygdala!
➡ Cerebellum!
!
FreeSurfer or others



➡ Detailed specific electrophysiological 
priors for each structure:!
! - Source orientations !            
! - Neural current!            
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[39] can be represented by a hippocampal tessellation. The
characteristics of the global anatomical and electrophysiological
source model are detailed in Table 1.

2.2 Subjects
Seven healthy volunteers (6 men and 1 woman, 30 years old on

average) participated in this study. The local ethical committee
approved the experimental procedures, and all of the participants
gave written informed consent (CPP Ile-de-France VI, Groupe
Hospitalier Pitié-Salpêtrière, nu7024). The MEG session is detailed
in section 2.4.

2.3 Monte Carlo Simulations
Realistic simulated activations from subcortical structures are

added to the individual data. Source simulations involve the
sequential activation of surface patches or volume patches with
increasing size at every source location (cortex, hippocampus and
basal ganglia; see the illustration in Figure 1). For each structure,
the number of simulations is set to the number of nodes in the
corresponding source grid (see Table 1). Each patch of activation
comprises a subset of connected vertices that belong to the source
space. The simulations are performed for patch sizes ranging from
1 to 5 cm2 by steps of 1 cm2 for surface patches and 1 to 5 cm3 by
steps of 1 cm3 for the volume patches; the simulations are limited
to the left hemisphere of the brain. For the regions that have a
total surface area that is lower than 5 cm2 and a volume lower
than 5 cm3, such as the LGN, the higher patch size is defined as
the total surface area (respectively, volume). The surface (respec-
tively, volume) current strength Ji of the dipole i is computed as
follows:

Ji~srSi (resp: Ji~srSi) ð1Þ

The surface area Si (or volume Vi ) is associated with the dipole
i, and sr (respectively, cr) is the corresponding surfacic (respec-
tively, volumetric) DMD in the region under consideration. DMD
values, the resulting Ji associated with the five sizes of patches and
other characteristics of the DBA model are detailed in Table 1 (for
more details about the electrophysiological assumptions, see [13]).

The gain matrix, G, that relates to the surface and volume
source grids is computed using an overlapping spheres model
implemented in the Brainstorm software [40] version 3.1, which is
documented and freely available for download online under the
GNU general public license (http://neuroimage.usc.edu/

brainstorm). In the case of MEG, which is less sensitive than
EEG to distortions from volume current diffusion, the lead field
computation could be reasonably well approximated with an
adapted spherical geometry compared to a realistic geometry [41].
Finally, the simulated field M is generated by the classical
equation:

M~GJ ð2Þ

Simulated fields combining neocortical activation and subcor-
tical activation result from the addition of both fields from
equation (2). For each activated patch, the signal-to-noise ratio (the
ratio between the energy of spontaneous activity at rest and the
simulated activation energy) is equal to 20, which is an acceptable
approximation of an evoked MEG response using ,100 to 200
average trials. The neocortical activation is defined as a patch of
3 cm2 in the visual cortex and is used to simulate a visual
stimulation in many experimental protocols. The subcortical
activations are computed over all of the sources and for the five
sizes of patches. A Gaussian distribution (FWHM = 30 ms)
modulates both activations after a 200 ms baseline of eyes opened
rest data. We introduce a variation of the temporal correlations
between neocortical and subcortical activations. Neocortical and
subcortical activations are separated in time by an interval Dt that
ranges from 0 to 60 ms. Dt equaling 0 ms means that the
activations appear at the same time. Dt equaling 60 ms means that
the neocortical and subcortical activations are fully separated in
time. Because we assess DLEs at the maximum of the subcortical
activation, Dt allows us to modulate the ratio, Rc, of the
neocortical activation added to the subcortical activation. Thus,
Rc ranges from 100% to 0% (see the illustration in Figure 1).

2.4 Inverse Solutions and Localization Error Metrics
According to Maxwell’s equations, the measured magnetic fields

are linear with respect to the dipole moment generated by neural
generators and nonlinear with respect to the source locations [1].
Hence, it is convenient to separate the dipole moment into its
magnitude and orientation parts to apply constraints on the
locations and orientations from priors used in DBA. Finally, only
the magnitude ĴJ of current generators must be estimated by
solving the inverse problem starting from equation (2), which is
based here on the minimum L2 norm estimate:

Table 1. Global characteristics of the DBA model.

Structures (Left) Cortex Hippocampus Amygdala Thalamus LGN EGP Putamen RPN

Surface | Volume
(cm2 | cm3)

750 15 1 8 0.2 1.5 9 2

Number of vertices 4619 900 273 1043 229 453 1029 529

Cell type O O O C O O C O

DMD
(C|C)

0.25 0.4 1 0.025 0.25 0.0025 0.25 0.0025

Neural current for patch
sizes 1 to 5 (C)

25 to 125 40 to 200 100 to 500 2.5 to 12.5 25 to 125 0.25 to 1.25 25 to 125 0.25 to 1.25

Anatomical and electrophysiological properties of the DBA model for left hemisphere structures (MNI template anatomy). Structures to the left of the vertical bar are
considered to be surfaces, and structures to the right of the vertical bar are volumes. O stands for ‘‘open field’’ cells, and C stands for ‘‘closed field’’ cells. DMD stands for
the dipole moment density, and the neural currents for the patch size are computed according to equation 1.
doi:10.1371/journal.pone.0059856.t001
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Can we detect something?

3.2 Point Spread and Cross-talk Functions
Figure 3 displays, on the left side, the PSF maps of three

hippocampal sources (blue dots) in the case of the wMNE
method. This PSF and CTF study is performed for the first
subject and thresholded at 50% of the maximal value. The
three sources are chosen in the head, the body and the tail. We
can see the PSF moving according to this location. In the case
of the head source, mainly the head but not the edges are
affected. The distortion also extends into the nearest subcortical
and neocortical regions. Strong PSF values are found in the
amygdala, which is the closest region to this source, and in the
anterior temporal lobe. In the two other cases, PSF values are
lower in the amygdala and remain distributed in the nearest
regions. On the right side, the resulting average PSF map of the
overall hippocampal sources shows that the highest values are
located in the medial and lateral temporal lobe, which are the
closest regions of the hippocampus. More precisely, on the
medial view, the highest values are found in the parahippo-
campal and entorhinal cortices. On the lateral view, the highest
values are located in the temporal pole, especially on the crests
of the superior and inferior temporal sulci. Among the seven
subcortical structures that compose the model, the distribution
extends into the thalamus and the amygdala, specifically into
the regions that are closest to the hippocampus (see the zoom in
the blue rectangle). Finally, hippocampal edges that are mainly
composed of radial sources have no point spread.

Figure 4 aims to compare the average PSF and the average
CTF maps (as presented in Figure 3) of the three inverse operators.
Averaging is performed over all of the hippocampus sources; thus,
the wMNE PSF map is identical to the map of Figure 3. The PSF
and CTF maps are shown, respectively, on the 1st and 2nd lines.
wMNE, sLORETA and dSPM are shown, respectively, on the 1st,
2nd and 3rd columns. The sLORETA PSF map shows a significant
decrease in PSF in the neocortex but still shows significant values
in the parahippocampal area. However, a PSF increase in the
deeper regions is shown in the thalamus and the nearest amygdala
part. dSPM PSF are small in the neocortex and decrease in the
hippocampus and other subcortical structures. From the CTF
point of view, the maps of the three methods are identical. This
result is in agreement with the theory. Indeed, noise normalization

is performed on the columns of the resolution matrix and, thus,
does not modify the CTF [22]. The strongest values of the CTF
maps are located in the lateral temporal lobe, especially in the
superior temporal sulcus. There are no significant regional
differences between source locations in the hippocampus con-
cerning the CTF distribution.

3.3 Monte Carlo Simulations
Figure 5A shows the DLEs maps averaged across the seven

subjects for Dt = 60 ms, which correspond to single patch
activations of 3 cm2 (or 3 cm3) for each surface (or volume)
structure, respectively. Only the hippocampus, the amygdala and
the thalamus results are presented here. DLEg and DLEm are
shown, respectively, on the 1st and 2nd lines. wMNE, sLORETA
and dSPM are shown, respectively, on the 1st, 2nd and 3rd

columns. The DLEg maps are heterogeneous along the hippo-
campus shape. The spatial distribution has an increasing gradient
from the hippocampus’s head to the tail. As shown, the DLEg in
the tail is more than double that in the head. DLEg maps have
similar patterns for the three methods, with the strongest values for
sLORETA at the edges and the tail. DLEg for wMNE give the
best results, with errors below 0.8 cm in the majority of the head
and the body. Conversely, DLEm shows a strong mis-localization
of the maximum for wMNE. The better DLEm estimate is
obtained for dSPM and sLORETA, where the error in the tail is
the smallest. However, their spatial patterns are not similar.
Indeed, dSPM has less DLEm in the tail and edges and gives a
homogeneous DLEm map. In contrast, sLORETA, which also
shows lower DLEm in the head and the tail, shows a decreasing
error in the body with respect to the source depth. DLEs for
amygdala are homogeneously distributed, with values close to the
DLEs values for the hippocampus’s head. The noise normalization
impact of sLORETA and dSPM are largely the opposite.
sLORETA has a lower DLEm in the deeper central regions, such
as the thalamus, with errors under 0.5 cm, whereas dSPM has a
very good correction over the hippocampus and strong errors in
the thalamus, where DLEm ranges from 1 to 2 cm. Figure 5B
shows histograms of DLEg distributions for each method and for
the five sizes of patches. These distributions are drawn in the case
of the hippocampus. The distribution is similar for the three

Figure 2. Simulated magnetic fields and sensitivity distributions. A. Plot of normalized distributions (with fitted Gaussian distributions) of
the simulated fields for patches of 3 cm2 that belong to the four structures. These distributions account for the DMD of each structure, the geometry
of the patches and the gain matrix of the sources that belong to the patches. B. Normalized averaged sensitivity distributions (normalized average
root mean-squared (RMS) contribution to sensors) over 7 subjects. The corresponding maps are displayed for the hippocampus and the amygdala.
Note that the x-axis is logarithmic and that the colormap is scaled at the subcortical level to better evaluate the distributions of the subcortical
sources. These distributions are calculated using the gain vector at each source location.
doi:10.1371/journal.pone.0059856.g002
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methods, with a better distribution of small errors (under 1 cm) for
wMNE. Interestingly, activations of large patches give stronger
DLEg, whereas large patches of 4 and 5 cm2 produce the strongest
currents (see Table 1).

Figure 6 shows the estimated maps for two simultaneous
activations; one patch in the hippocampus and one neocortical
patch (see their localization on Figure 1) for subject one by
varying Dt and, thus, the ratio between the amplitude of the
neocortical activation and the hippocampal activation. A dot
colored in blue is displayed on the maps at the local estimated
maximum in a sphere of 4 cm radius. This radius is, on
average, half the distance between the sources of the
hippocampus patch and the sources of the neocortical patch.
The size of the activated patches is 3 cm2 for both the
neocortex and the hippocampus. Four neocortical/subcortical
ratios are shown; Rc equals 25, 50, 75 and 100%, respectively,
from the 1st to the 4th line. Additionally, the right bottom side
of each map displays the histogram of the relative proportion (in
percentage) of the estimated activations in the hippocampus, the
amygdala and the thalamus, to better quantify the well and

badly localized activities by each method. When the hippocam-
pal activity is stronger than the neocortex (Rc = 25%), hippo-
campal generators are well estimated by the three methods;
there is a better spatial extent around the true patch for
wMNE. However, wMNE shows some mislocalization in the
lateral temporal cortex near the regions that have stronger
cross-talk (see Figure 4), whereas the noise normalizations of
both sLORETA and dSPM show less bias on the lateral
temporal cortex but still significant values in the insula. Only
dSPM maintains the maximum well localized in the hippocam-
pus and has the highest proportion of activation in the
hippocampus compared to the amygdala and thalamus. As
expected, a higher increase in Rc causes the worsening of
hippocampal localization for all of the methods. wMNE has
good detection, which is up to Rc = 50% with no estimated
sources in the thalamus. Conversely, for up to Rc = 100%,
sLORETA and dSPM have good estimation; however, they
create local maxima in the thalamus. This effect is stronger for
sLORETA than for dSPM. The reconstructed activities in the
visual neocortical patch are well defined for all three methods,

Figure 3. Point spread functions of hippocampus sources using wMNE. The left side displays the PSF maps of three point sources (blue dots)
using wMNE. Each PSF map is normalized (i.e., normalization of the given point source’s column of the resolution matrix) to better visualize each
spatial distribution. By averaging the PSF maps over all of the hippocampus and after normalization, we obtain the PSF maps that are displayed on
the right side. Note that the colorbar does not start from zero and that the structure sizes are modified to make the sources more visible. See
Figure 1B for a medial view of the relative position of the structures.
doi:10.1371/journal.pone.0059856.g003
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response clearly appeared. In SEEG, two additional columnswere visible
following the main peak (indicated by arrows in Fig. 6a), but only the
last onewas clearly visible on EEG andMEG. The increase in correlation
occurred at the time of the secondary peaks. By construction, these cor-
relations reveal the co-variation of the signals around their respective
means and not only the increase of signal amplitude at the evoked po-
tential (see Material and methods for details).

The correlations in the time–frequency domain were computed in 4
frequency ranges (beta, gamma1, gamma2, gamma3) between the se-
lected ICA components (based on the visual response as described in
Single trial correlation acrossmodalities section) and the SEEG contacts.
No significant correlation was observed.

As a final step we computed the single trial correlations exhaustively
over all sensors and ICA components both in temporal and time–

frequency domain. The results are shown as supplementary material
on Fig. S1. In the time domain, correlations were observed in EEG both
on sensors (statistically significant on 10 electrodes) and ICA compo-
nents (statistically significant on 4 ICA components, including that se-
lected based on the visual response, IC#9). They mainly occurred after
100 ms post stimulation. The two ICA components with the most signif-
icant correlations (IC#8 & IC#13) showed a posterior spatial pattern
(Fig. S1a). Correlations between SEEG and MEG were only observed on
the ICA components, specifically on two of them: the component previ-
ously selected based on the visual response (IC#26), and another compo-
nent also showing a posterior spatial pattern compatible with a brain
response in the visual areas (IC#14; Fig. S1b). Finally, the computation
of the time–frequency correlations per frequency band for EEG and
MEG data did not show any significant correlations in the gamma

Fig. 3. Concordance of evoked responses in simultaneously recorded SEEG, EEG andMEG signals, and inMEG signals after de-implantation. The left column shows the average time series,
highlighting three time stamps (35, 80, and 120ms) used in Fig. 4. These time points were selected to be representative of the spatiotemporal dynamics of the evoked response. The right
column shows the spatial pattern of activity at the peak (80ms). (a) Depth electrodes: monopolar evoked potentials frommedial contacts and lateral contacts of two electrodes (FCA′ and
GL′) located in the visual areas as shown on the right column (in absolute values). (b) Scalp EEG: evoked potentials for 5 posterior electrodes (shown on the right scalp rendering as black
dots), and topography shown on the scalp (scalp reconstructionwas performed from the intra-implantationMRI; the lateral view shows the actual implantation sites of depth electrodes).
The gray color corresponds to areas with either no electrode or an electrode that was rejected from this analysis. (c) MEG: evoked fields during the trimodal recording session, and topog-
raphy represented on theMEG helmet. (d)MEG signals recorded during a separate unimodal session,without SEEG or EEG. In (a–c) N=242 trials, in (d) N=161 trials. Asterisks indicate
the early response observed on SEEG and MEG signals.
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following the main peak (indicated by arrows in Fig. 6a), but only the
last onewas clearly visible on EEG andMEG. The increase in correlation
occurred at the time of the secondary peaks. By construction, these cor-
relations reveal the co-variation of the signals around their respective
means and not only the increase of signal amplitude at the evoked po-
tential (see Material and methods for details).

The correlations in the time–frequency domain were computed in 4
frequency ranges (beta, gamma1, gamma2, gamma3) between the se-
lected ICA components (based on the visual response as described in
Single trial correlation acrossmodalities section) and the SEEG contacts.
No significant correlation was observed.

As a final step we computed the single trial correlations exhaustively
over all sensors and ICA components both in temporal and time–

frequency domain. The results are shown as supplementary material
on Fig. S1. In the time domain, correlations were observed in EEG both
on sensors (statistically significant on 10 electrodes) and ICA compo-
nents (statistically significant on 4 ICA components, including that se-
lected based on the visual response, IC#9). They mainly occurred after
100 ms post stimulation. The two ICA components with the most signif-
icant correlations (IC#8 & IC#13) showed a posterior spatial pattern
(Fig. S1a). Correlations between SEEG and MEG were only observed on
the ICA components, specifically on two of them: the component previ-
ously selected based on the visual response (IC#26), and another compo-
nent also showing a posterior spatial pattern compatible with a brain
response in the visual areas (IC#14; Fig. S1b). Finally, the computation
of the time–frequency correlations per frequency band for EEG and
MEG data did not show any significant correlations in the gamma

Fig. 3. Concordance of evoked responses in simultaneously recorded SEEG, EEG andMEG signals, and inMEG signals after de-implantation. The left column shows the average time series,
highlighting three time stamps (35, 80, and 120ms) used in Fig. 4. These time points were selected to be representative of the spatiotemporal dynamics of the evoked response. The right
column shows the spatial pattern of activity at the peak (80ms). (a) Depth electrodes: monopolar evoked potentials frommedial contacts and lateral contacts of two electrodes (FCA′ and
GL′) located in the visual areas as shown on the right column (in absolute values). (b) Scalp EEG: evoked potentials for 5 posterior electrodes (shown on the right scalp rendering as black
dots), and topography shown on the scalp (scalp reconstructionwas performed from the intra-implantationMRI; the lateral view shows the actual implantation sites of depth electrodes).
The gray color corresponds to areas with either no electrode or an electrode that was rejected from this analysis. (c) MEG: evoked fields during the trimodal recording session, and topog-
raphy represented on theMEG helmet. (d)MEG signals recorded during a separate unimodal session,without SEEG or EEG. In (a–c) N=242 trials, in (d) N=161 trials. Asterisks indicate
the early response observed on SEEG and MEG signals.
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(Adjamian et al., 2004; Hoogenboom et al., 2006; Schwarzkopf et al.,
2012) have shown an increase in the gamma band during visual para-
digms, our data did not reveal such activity neither in the trimodal nor
in the separate session. However the gamma activity was clearly pres-
ent in the SEEG data. This indicates that strong oscillatory activity in
the cortex can go unnoticed on non-invasive data. The absence of high
gamma on MEG and EEG could arise from the fact that our stimulation
protocol only induced the synchronization of small areas of cortex in
this frequency band (Schwarzkopf et al., 2012). Alternatively, other sig-
nal processing methods could help enhance the detection of gamma-
band activity (e.g. beamforming Dalal et al., 2009, 2013).

Reconstructed sources

The cortical sources estimated from the non-invasive signals re-
vealed sources that were consistent with the location of the SEEG con-
tacts that detected the evoked potential, similarly to Dalal et al.
(2009). In addition, we showed that the temporal evolution of SEEG ac-
tivity, starting from primary areas and propagating to secondary areas,
could be retrieved from the non-invasive recordings. This spatiotempo-
ral pattern is consistent with the previous findings (Hagler et al., 2009).
Importantly, our results demonstrate that, within the trimodal record-
ing, the precise spatiotemporal dynamics of evoked neural processes

Fig. 6. Single-trial analysis. (a–c) Raster plots (left column) and spatial distribution of the corresponding activity (right column). (a) Depth bipolar channel showing the highest amplitude ac-
tivation during the peak of the evoked response (GL′2–GL′1). Activities consistent across trials are visible as columns (indicated by black arrows) (b) EEG ICA component capturing an evoked
responsewhose temporal and spatial characteristics reflected the evoked response. (c)MEG ICA componentwith similar properties. (d–e) Left column: sample by sample inter-trial correlation
(Itcor) between activity at several depth electrode contacts and, respectively, the selected EEG andMEG ICA components. Only the SEEG contacts showing significant correlation are shown (q
b 0.05 FDR corrected for comparison across SEEG contacts and time samples). Right column: scatter plots of values at the peak of correlation, shown as arrow heads on the traces.
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Dubarry AS, Badier JM, Trébuchon-Da Fonseca A, et al. 
Simultaneous recording of MEG, EEG and intracerebral EEG 
during visual stimulation: From feasibility to single-trial 
analysis. Neuroimage. 2014;99:548-558. doi:10.1016/
j.neuroimage.2014.05.055.
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Fig. 1. Anatomical modeling used for MEG source imaging. Three tessellated surfaces were obtained from segmented individual MRI scans: cortical mesh (in grey),
amygdala (in green) and hippocampus (in red).

Importantly, our method includes anatomical localization pri-
ors stemming from an automatic segmentation technique, which
allows isolating the hippocampus and amygdala surfaces from
the individual T1-weighted MRI scans [32]. Thus, the method
that we developed includes the amygdala as such in the model for
source distribution. The amygdala is included as a subcortical
structure rather than approximated by the surrounding cortical
surface. The activity of amygdala sources per se is then esti-
mated simultaneously with that of the sources distributed over
the cortical surface.

4.2. Anatomical modeling (Forward problem)

Our method involves obtaining T1-weighted MRI scans
for each subject. The BrainVISA/Anatomist free software
(http://www.brainvisa.info) is used to obtain a tessellated enve-
lope of the neocortex for each subject. In addition, the
hippocampus and amygdala are segmented from each individ-
ual MRI with the recently developed method of Chupin et al.
[32]. This method is based on a competitive region-growing
approach. Thus, three tessellated surfaces are obtained from
each individual MRI scan (Fig. 1). These are used for the dis-
tribution of the sources and the calculation of the gain matrix.
First, equivalent current dipoles (ECD) are evenly distributed
perpendicularly to the surfaces of the neocortex and hippocam-
pus. This allows modeling the macrocolumns of pyramidal cells
of these structures [4]. Second, considering the heterogeneous
composition of the amygdala in terms of nuclei and histological
aspect, we have chosen to transform the segmented amygdala
surface into a volumic grid. Orthogonal trihedral ECD are then
disposed in each intersection of this volumic grid for each sub-
ject. Note that randomly oriented ECD were initially tested for
the source distribution in the amygdala. However, we decided to
calculate the gain matrix with trihedral ECD as this introduced
little differences in comparison with randomly oriented dipole
sources and allowed picking up at best the different possible
orientations of neuronal populations involved in various exper-
imental conditions and at different time instants. This choice
does not induce any qualitative difference, but shall increases

signal detection insofar as the trihedral ECD approach does not
introduce any bias with regard to the possible orientation of the
neuronal populations activated at each time point.

The forward problem was computed with the Brain-
storm Matlab Toolbox, which is freely available at
http://neuroimage.usc.edu/brainstorm. An overlapping sphere
headmodel realized with the head mesh of each subject was
used to compute the gain matrices for the three structures
considered: the neocortex, the hippocampus, and the amygdala.
The number of sources distributed in each structure for a typical
subject is reported in Table 1. These gain matrices were then
concatenated to form one overall gain matrix.

4.3. Simulation study

In a first stage, we examined the extent to which amygdala
source activation may yield measurable MEG signal at the sensor
level. Using the forward problem, it is possible to model the
MEG signal induced on sensors by the activation of any subset
of sources. However, this implies knowing the current density
for every brain structure considered as this electrophysiological
value is needed in the model.

As described by the quasi-static approximation of Maxwell’s
equations, and the charge conservation, the current flow J can be
linked to the current density (Eq. 1) (see [4] for more details):

J = σ.S (1)

where S is the current surface area, and ! the surfacic cur-
rent density. This relation can be applied for the cortex or the

Table 1
Number of sources distributed in the model for a typical subject.

Structures Number of sources

Right hemisphere Left hemisphere

Neocortex 12811 13030
Hippocampus 2374 2372
Amygdala 390 353
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Fig. 4. Visualization of the most active amygdala sources at 158ms (blue circles),
for the same subject as in Fig. 3. The black dots represents all the sources
distributed over the right amygdala. The amygdala mesh is represented in green
and the hippocampus mesh is in red.

anatomical studies and to apply it for the development of a new
source analysis tool dedicated to the detection of amygdala acti-
vation. Such sources have been often disregarded in the study
of human cognitive processes despite their essential role in var-
ious neurocognitive functions. The method proposed is based
on anatomical localization of sources according to individual
local structural information. It is well-known that there is a high
degree of interindividual variability in brain structures, which
contributes to the variability of MEG signal topography at the
scalp surface. Therefore, taking into account individual anatomy
should be an important step for the refined estimation of brain
sources.

Our modeling approach was based on an automated pro-
cedure of amygdala segmentation and on even distribution of
sources across this segmented volume. This allowed explic-
itly modeling the contribution of amygdala activity to MEG
signal. A simulation study supported the view that amygdala
activity should be detectable with MEG. Together with experi-
mental paradigms designed to activate the amygdala, the method
presented should thus allow characterizing the dynamics of
amygdala activations. Here we present only preliminary data
regarding amygdala activation in a face perception paradigm.
Although these data were obtained in a single subject, we believe
that they show promising results with regard to the capacity of
MEG to detect amygdala activity. Further acquisition of data in
a group of subjects should allow testing whether early and/or
late peaks of amygdala activities vary with different aspects of
the seen faces, such as the emotional expression.

The approach of amygdala segmentation presented here may
be considered as a first step in the investigation of amygdala func-
tions. Indeed, the amygdala is in fact heterogeneous, comprising
of several anatomically and functionally differentiated nuclei.
Furthermore, it seems that only the basolateral nucleus encom-
passes a high proportion of pyramidal cells. Thus our method

might be further improved by taking into account more refined
structural information allowing the labeling of the different
amygdala nuclei. In addition, information about the orientation
of neuronal populations could be a key element for increasing the
detection of differentiated amygdala responses in various experi-
mental conditions. Finally, even if MEG is not as sensible as EEG
to the conductivity of tissues, developing a refined head model
could contribute to more accurate detection of deep sources. This
would also open the way to accurate source localization from
EEG data, which may be more sensitive to deep brain activa-
tions and to diverse source orientations. To our knowledge, such
approach has not yet been undertaken with EEG.

7. Conclusion

We presented a new method to estimate the activity from
amygdala sources with MEG. The main originality of this
method is to use precise individual anatomical constraints to
localize amygdala sources. Thus MEG source localization,
based on a classical L2-MNE approach, was here complemented
by individual structural information regarding the cortical sur-
face as well as the medial temporal lobe structures. This
approach should prove very fruitful for the study of the temporal
dynamics of amygdala response in various paradigms, such as
face perception paradigms.
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Fig. 2. Simulation of amygdala MEG signal with forward problem.

hippocampus. Furthermore, knowing the cortical thickness, it
is possible to move from surfacic to volumic current density.
Therefore, the above relation can also be written (Eq. 2):

J = γ.V (2)

where V is the volume and ! the volumic current density. This
relation can thus be applied for the amygdala.

However, to date, there is no data concerning the expected
volume current density in the amygdala. Consequently we have
chosen to use the value estimated from micro-MEG recordings
in the hippocampus [33]. If anything, this should result in an
underestimation of the MEG signal calculated from amygdala
sources because the neuronal density (hence the current density)
in the hippocampus is inferior to that in the amygdala.

Then, we calculated the MEG signal produced at the sensor
level by a growing patch of active sources in the amygdala vol-
ume. The term “patch” here designates a cluster of sources of
variable size. The patch growth was initiated at every possible
node of the volumic grid covering the amygdala, and it included
a various number of adjacent nodes of the grid depending on its
size. We computed the strength of the magnetic field generated
by this simulated amygdala activation (Fig. 2). This showed that
0.2–0.3 cm3 of amygdala activation should be sufficient to result
in detectable MEG signal.

5. Preliminary result on real data: the contribution of
amygdala to face perception

Our method was applied to an experimental data set obtained
in a face perception paradigm, which is known to activate the
amygdala in fMRI [34]. In brief, MEG signals were recorded on
a CTF 151 channels whole-head system (CTF Systems Inc., Port
Coquitlam, Canada), in the MEG Center of the CENIR imaging
platform of the Hôpital Pitie-Salpêtrière, Paris (France). Event-
related magnetic fields (ERFs) in response to various types of
face stimuli were computed. Stimuli were 16 different individ-
ual faces selected from the Karolinska Directed Emotional Face
database. Each face was presented for 500 ms, preceded by a cen-

Fig. 3. Time course of amygdala sources in response to faces for one exam-
ple subject. The absolute amplitude of the sources of the right amygdala were
averaged at each time point.

tral fixation point displayed for 700 to 900 ms. It was followed
by a blank screen presented for 1 to 2 seconds. There were six
blocks of 64 trials (total = 384 trials). The subject’s task was to
press a button when he/she detected a blue circle target. After
manual artifact rejection, ERFs were averaged from −200 before
to +400 ms following stimulus onset (baseline = −200 to 0 ms).
Structural MRI scan was obtained on a Siemens 3T Trio scan-
ner operated in the Centre de Neuro-imagerie Recherche of the
CRICM, Hôpital de la Salpêtrière (TR: 2300 ms, TE: 4.18 ms,
TI: 900 ms, FA: 9◦, voxel size: 1 × 1 × 1 mm3, sagittal scans).

The forward problem was computed as described above to
obtain the gain matrices for each structure which were then
merged into a global gain matrix including the neocortex, the
hippocampus and the amygdala sources altogether. The ampli-
tude of activation of each source, at each time point, was
estimated by distributed source imaging based on weighted L2-
MNE computed with the Brainstorm Toolbox.

The time course of the activity of the amygdala sources was
then extracted. At each time point and for every intersection of
the amygdala volumic grid, the norm of the vector resulting from
the sum of the orthogonal trihedral ECD was computed. Then the
absolute amplitude value of the sources was averaged across all
sources in the left and right amygdala respectively. This allowed
obtaining the time course of amygdala activity. We present here
preliminary data obtained in one subject (Fig. 3). As can be
seen on Fig. 3, prominent activation of amygdala was observed
from about 90 ms, with a main peak of activity at 158 ms in
this subject. This peak was followed by a second prominent
flow of activation, which peaked around 330 ms. Fig. 4 illus-
trates the sources that showed an activity greater than 95% of
the maximum at 158 ms, in this subject’s amygdala. This peak
of amygdala activity corresponds to the latency of the M170 that
is typically recorded in response to face stimuli.

6. Discussion and perspectives

The main interest of this study was to take advantage of recent
methodological development achieved for the initial purpose of

In practice 
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Let’s go deeper…

courses would be found at latencies close to zero milliseconds.
Cross-correlation analysis of the oscillation within the coefficient
estimate time courses of successive ROIs (for example, CN, IC,
MGB and AC) showed a median time delay of 5.5 ms (s.d.¼ 0.5)
between the CN and IC (see Supplementary Fig. 7, bottom). The
CN and IC time courses were separable in all subjects, supporting
the ability of MEG to resolve signals from different brainstem
structures. The cumulative median time delay between CN and
MGB was 10.8 ms (s.d.¼ 2.7), and between CN and AC was
14.6 ms (s.d.¼ 4.6). In each of these steps, several subjects had
values close to zero, indicating that cross-correlation analysis
failed to show a clear separation of the signals (this is visible as

data points close to 5 ms in Supplementary Fig. 7, middle; and
close to 5 and 10 ms in Supplementary Fig. 7, top); however, a
cluster of subjects with clearly separable signals for each step
show a CN to AC delay of about 16 ms. These data further
support biologically plausible delays between information coming
from successive structures in the auditory system, but because
only positive cross-correlation values were accepted and because
time of later stages is cumulative, it is not meaningful to
statistically evaluate successive delay increases; they are therefore
provided for descriptive purposes. These data also validate the use
of MEG for deep auditory brainstem sources, as deep sources can
be separated from one another.
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Figure 2 | Region of interest (ROI) locations and their spectra during FFR and baseline showing a large contribution at the fundamental frequency for
brainstem nuclei and auditory cortex in the MEG data. (a–c) show the spectra of the three subcortical ROIs. (d) Single-subject illustration of the locations
of subcortical ROIs; and (e) the locations of the cortical ROIs including two control regions in the frontal and occipital poles. (f–h) Spectra of the cortical
ROIs. Error bars indicate s.e. of the mean. All results are averaged across left and right ROIs and across subjects (n¼ 20). AC, auditory cortex; CN, cochlear
nucleus; IC, inferior colliculus; MGB, medial geniculate nucleus; controls: FP, frontal pole; OP, occipital pole.
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Figure 3 | Comparison of FFR topography to that of sensor projected source activity from anatomical ROIs and the cortical ERF. All topographies are
averaged across subjects (n¼ 20). (a) Sensor distribution from bilateral region of interest (ROI) sources, in three-dimensional (side view) and two-
dimensional (top view) sensor space. For each ROI, the colour map is scaled to minimum and maximum signal strength to show the distribution of sensor
sensitivities to each source. (b) The topography of fundamental frequency magnitude in the FFR. (c) ERF topography at P1 (B73 ms; independent data set)
was significantly correlated with FFR topography for all subjects. The absolute value is taken before correlation with the FFR topography.
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Beyond MNE approaches

Using beamformer approaches (LCMV, SAM, D.I.C.S …)

Complete source space model not needed

Just need a scanning grid



Inverse Operator
Inversion :  beamformer -> Compute the source energy at a given location by 
minimising the contribution from all others sources (biological and artefacts !)
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Does MEG see deep -> YES

Need enough data to achieve stable results

Leaking is still present



Hippocampus again

A. Hillebrand, & Coll, Detecting epileptiform 
activity from deeper brain regions in 
spatially filtered MEG data, Clinical 
Neurophysiology, Volume 127, Issue 8, 
2016, 

waves in left and right temporal channels, which could not be
localized, possibly because of a deep (mesial) origin. For the later-
alization and localization of the seizure-onset zone, invasive EEG
monitoring with depth electrodes was indicated. Re-analyses of
the MEG data with virtual electrodes in the left and right hip-
pocampi showed marked interictal spikes (Fig. 2a), which were
recognizable in the surface recordings (Fig. 2b). The interictal inva-
sive recordings also showed epileptiform activity in left and right
hippocampi, independently (Fig. 2d and e). Moreover, three sei-
zures had a left mesial temporal origin and one seizure had a right
mesial temporal origin in the invasive EEG. The patient has not
undergone further epilepsy surgery.

These two examples demonstrate that the use of virtual elec-
trodes at possible or probable source locations aids the identifica-
tion of epileptiform activity that would otherwise not be
discernible or be missed in surface MEG recordings. This technique
must be used with care, as the spatial resolution of virtual elec-
trode signals is a complicated function of signal-to-noise ratio (in
the raw MEG data), depth, position and orientation of the sources
with respect to the recording array, and the geometry of the head.
As a consequence the localizing power may be poor at some loca-
tions (Attal and Schwartz, 2013; Wennberg and Cheyne, 2014),
such that it is possible to find interictal spikes at a virtual electrode
that has been placed at some distance from the real source. We
therefore recommend to use the time segments where pathologi-

Fig. 1. Patient 1. (a) 10 s of virtual electrode signals; HCmR: hippocampus right; HCmL: hippocampus left; TL: temporal lobe left. The activity scored as an interictal spike is
highlighted. Note that the spike is sharper and of larger amplitude in HCmL than in TL. (b) The same 10 s of data for magnetometers over the left temporal lobe (after applying
tSSS). Note that the marked spike can be identified in these sensor level data, but without the virtual electrode data the spike is difficult to differentiate from the preceding
noise. (c) Anatomical MRI with the location of the virtual electrodes (green dots), fitted equivalent current dipoles (red dots), and the resection cavity. Note that the virtual
electrodes are outside the resected area because the exact location of the resection cavity was unknown at the time of analysis. (d) 1 s of virtual electrode signals showing a
different spike. Note that the spike in TL is delayed with respect to the one in HCmL, in agreement with the delay seen for a spike in the interictal depth-EEG recordings. (e) 4 s
of interictal depth-EEG signals for 3 bundles. HCmL; middle hippocampus left; T2HCpL: second temporal gyrus through posterior hippocampus left; T3GFuL: third temporal
gyrus, fusiform gyrus left. An electrode in an electrographically silent area was used as reference.

Letter to the Editor / Clinical Neurophysiology 127 (2016) 2766–2769 2767
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(0 to 2.5 s), averaging power over time, trials, sensors and subjects. 
This provided a global measure of the frequency content of the sig-
nal and allowed identification of reliable peaks in the power spectra, 
since spectral peaks are necessary for a meaningful estimate of phase 
and ultimately for a reliable estimate of cross-frequency coupling14.  
We found distinct peaks in both the theta (3–8 Hz) and high gamma 
(70–100 Hz) bands during each trial presentation compared to a base-
line period (Supplementary Fig. 1). Using these spectral power peaks 
to constrain frequencies of interest, we tested whether any reliable 
relationship between theta and gamma oscillations were present in our 
data (Online Methods). We identified significant theta–gamma PAC 
in a number of MEG sensors distributed across the scalp (one-sample 
t-test, thresholded at t > 3.96, P < 0.001; Supplementary Fig. 2).

Modulation of theta–gamma coupling by sequence position
Next we asked whether theta–gamma PAC was modulated by 
sequence position. If items are temporally coded by gamma power 
biased toward distinct phases of theta, theta–gamma PAC may be 
parametrically modulated as a function of an item’s position within 

a sequence. We hypothesized that an item in the initial part of the 
sequence should be associated with a tight theta phase–gamma 
amplitude relationship, because a single item would be repre-
sented at a singular phase on repeating cycles of theta4,6. However,  
as subsequent items were encoded, the addition of gamma cycles 
(representing additional items) would result in the widening of the 
distribution of gamma power over the phase of theta (Fig. 1b), which 
would produce an overall reduction in our measure of theta–gamma 
coupling as more items are added into the sequence. To quantify 
this hypothesis, we ran a simulation in which, for each trial, addi-
tional gamma cycles (representing additional items in the sequence) 
were concatenated along the phase of a theta oscillation. PAC was 
then estimated based on the simulated data. This verified our intui-
tion that if our hypothesis is correct, our PAC measure should lin-
early decrease across trials when estimated separately for each trial  
within a sequence (Fig. 1c).

Based on the results of the simulation, we examined the MEG data 
for this pattern of decreasing theta–gamma PAC across each six-item 
sequence. Using the pattern estimated by our simulated hypothesis as 
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Figure 1 Theta–gamma model fitting analysis. (a) Schematic of the model. Participants viewed a series of trial-unique objects (36 per block) embedded in 
a colored frame which changed color every six trials. After each block, temporal order memory was probed by presenting two items studied within the same 
color and asking which of the two occurred earlier in the sequence. (b) Model of theta–gamma phase coding hypothesis: items (represented in gamma) 
encountered in the same color are concatenated along a theta phase. At switches in color, item representations are hypothesized to be removed. (c) Expected 
pattern of theta–gamma coupling measure (MI: modulation index) across sequence positions derived from the simulated hypothesis. (d) Group-level 
topographic statistical map (n = 17 participants, thresholded at t16 > 2.1, P < 0.05, cluster corrected using bootstrapping procedure described in Online 
Methods) representing fit of model to cross-trial theta–gamma coupling estimates. Two significant clusters of sensors emerged (P < 0.05, cluster corrected 
using permutation procedure): a left lateralized cluster and a left posterior cluster. (e) Group-level source-space statistical map (t-values) representing fit of 
model to cross-trial theta–gamma coupling estimates. Coronal (left), axial (middle) and sagittal (right) views are shown (n = 17 participants; source space 
statistical map is thresholded at t16 > 3.22, P < 0.005; uncorrected). PHG, parahippocampal gyrus; FG, fusiform gyrus.
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Episodic sequence memory is supported by a 
theta–gamma phase code. Nat Neurosci. 
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Conclusion
➡    Yes it can be done but physic laws prevail!	

!
➡   Hippocampus,  Amygdala, Cerebellum	
➡   Need careful planning when designing the experiment	
➡ SNR, contrast, measures, methods	
!

➡     Improvements possible	
➡ Better models (anatomy, physiology)	
➡ Sensors closer to the brain	

!

contributions of the primary and volume currents to the total magnetic
field across the different sensor arrays. We defined TP as the ratio of
the norms of the topographies of the total and primary current as
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where p v,i i and ti denote the ith columns of the corresponding matrices
P V, and L. Considering the values of TP, three different scenarios
arise:

• TP < 1: Volume-current field decreases the overall amplitude of the
primary-current field.

• TP ≈ 1: Volume currents do not noticeably decrease or increase the
overall amplitude of the primary-current field.

• TP > 1: Volume-current field increases the overall amplitude of the
primary-current field.

We also quantified the relative overall magnitude of the topogra-
phies of the primary and volume currents for the different sensor
arrays by calculating the ratio of the norms of these field components

p
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In addition to these amplitude-based measures, we investigated the
differences in the field shapes of primary and volume currents by
computing the correlation coefficient CCPV between their topographies,
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where · is the dot product and pi denotes the mean of pi.
Topography overlap. We calculated the correlation coefficient

between the topography of the reference source and the topographies
of all the other sources using
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where i is the index of the reference source and j goes through the
indices of all the other sources. By labeling those sources with high
correlations (absolute value of CC ≥ 0.9), we estimated the peak
position error (PPE) and cortical area (CA) of the reference source.
PPE is the distance from the reference source to the center-of-mass of
the highly-correlated sources; small values of PPE indicate that the
correlated sources are scattered close to the reference source. CA is the
relative cortical area of the highly-correlated sources and quantifies the
spread of the sources that exhibit similar topographies; small values of
CA indicate minor spread or a small number of correlated sources. We
calculated CA as a percentage of the total area of the cortex that is
spanned by the highly-correlated sources. These metrics have been
previously used to assess localization accuracy (PPE) and spread (CA)
of minimum-norm estimates (Stenroos and Hauk, 2013). PPE has also
been used to assess the effect of the depth-weighting parameter to
minimum-norm estimates (Lin et al., 2006b). PPE and CA are of the
reference source i are expressed as
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where the sums are taken across the labeled sources, CCik is the
correlation coefficient between the topographies of the reference source
i and source k, r→k and r→i are the locations of source k and the reference
source, respectively, and Ak is the relative cortical area associated with
source k.

Sensor lead fields. We quantified the effect of sensor orientation
and distance from the scalp on its FOV; for each sensor, we calculated
the relative cortical area (Eq. (17)) for which the lead-field amplitude of
the sensor was more than half of the maximum amplitude. This metric
quantifies the effective field-of-view (eFOV) of the sensor as it measures
the area spanned by the sources that are most visible to the given
sensor. In addition, we investigated the overlap of the sensor lead fields
as a function of the sensor distance (de Munck et al., 1992): for each

Fig. 1. The constructed SQUID (left) and OPM (right) sensor positions. Top: Frontal and lateral views of the sensor locations for one subject. Other rows: Lateral views for the rest of the
subjects.

J. Iivanainen et al. NeuroImage 147 (2017) 542–553

545

contributions of the primary and volume currents to the total magnetic
field across the different sensor arrays. We defined TP as the ratio of
the norms of the topographies of the total and primary current as

p v
p

t
pTP = ∥ + ∥

∥ ∥ = ∥ ∥
∥ ∥ ,i

i i

i

i

i (12)

where p v,i i and ti denote the ith columns of the corresponding matrices
P V, and L. Considering the values of TP, three different scenarios
arise:

• TP < 1: Volume-current field decreases the overall amplitude of the
primary-current field.

• TP ≈ 1: Volume currents do not noticeably decrease or increase the
overall amplitude of the primary-current field.

• TP > 1: Volume-current field increases the overall amplitude of the
primary-current field.

We also quantified the relative overall magnitude of the topogra-
phies of the primary and volume currents for the different sensor
arrays by calculating the ratio of the norms of these field components

p
vPV = ∥ ∥

∥ ∥ .i
i

i (13)

In addition to these amplitude-based measures, we investigated the
differences in the field shapes of primary and volume currents by
computing the correlation coefficient CCPV between their topographies,

p p
p p

v v
v vCC = −

∥ − ∥ · −
∥ − ∥ ,i

i i

i i

i i

i i
PV,

(14)

where · is the dot product and pi denotes the mean of pi.
Topography overlap. We calculated the correlation coefficient

between the topography of the reference source and the topographies
of all the other sources using

t t
t t

t t
t tCC = −

∥ − ∥ · −
∥ − ∥ ,ij

i i

i i

j j

j j (15)

where i is the index of the reference source and j goes through the
indices of all the other sources. By labeling those sources with high
correlations (absolute value of CC ≥ 0.9), we estimated the peak
position error (PPE) and cortical area (CA) of the reference source.
PPE is the distance from the reference source to the center-of-mass of
the highly-correlated sources; small values of PPE indicate that the
correlated sources are scattered close to the reference source. CA is the
relative cortical area of the highly-correlated sources and quantifies the
spread of the sources that exhibit similar topographies; small values of
CA indicate minor spread or a small number of correlated sources. We
calculated CA as a percentage of the total area of the cortex that is
spanned by the highly-correlated sources. These metrics have been
previously used to assess localization accuracy (PPE) and spread (CA)
of minimum-norm estimates (Stenroos and Hauk, 2013). PPE has also
been used to assess the effect of the depth-weighting parameter to
minimum-norm estimates (Lin et al., 2006b). PPE and CA are of the
reference source i are expressed as

r
r

PPE = → −
∑ |CC |→

∑ |CC |i i
k ik k

k ik (16)

∑ ACA = ,i
k

k
(17)

where the sums are taken across the labeled sources, CCik is the
correlation coefficient between the topographies of the reference source
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source k.

Sensor lead fields. We quantified the effect of sensor orientation
and distance from the scalp on its FOV; for each sensor, we calculated
the relative cortical area (Eq. (17)) for which the lead-field amplitude of
the sensor was more than half of the maximum amplitude. This metric
quantifies the effective field-of-view (eFOV) of the sensor as it measures
the area spanned by the sources that are most visible to the given
sensor. In addition, we investigated the overlap of the sensor lead fields
as a function of the sensor distance (de Munck et al., 1992): for each
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measures were similar between gSQUID and OPM arrays. Future
studies could investigate whether the topography correlations can be
further reduced by gradiometrization of OPMs.

The on-scalp OPMs showed more focal fields-of-view (FOVs) than
the traditional SQUID magnetometers as the average values of the
effective field-of-view (eFOV), which we defined as the percentage of
the area of the cortex that is most visible to the given sensor, were
0.7%, 0.3% and 3.0% for nOPM, tOPM and mSQUID, respectively.
Furthermore, the tangential vs. normal OPMs have more focal lead
fields. The planar gradiometers also have smaller FOVs than the
magnetometers at the same distance from the scalp; values of eFOV
for gSQUID (average 0.53%) are of the same order as for the OPMs.

Lead-field correlations measure the degree of independency of the
signals of the sensors in the arrays: the less correlated the lead fields
are, the more independent measurements the array yields, and the
more information is conveyed by the array. Sensors in nOPM, tOPM
and gSQUID provide mutually more independent measurements than
sensors in mSQUID as the OPM arrays and gSQUID had less lead-field-
correlated sensors than mSQUID (see Fig. 5). The lead-field overlap fell
faster as a function of the sensor distance in nOPM than in mSQUID:
for a similar level of lead-field correlations in nOPM as in mSQUID, the
number of OPM sensors could be much higher than 102. The faster
decrease of the lead-field correlations in nOPM can be explained by the
smaller sensitive elements and eFOVs of the OPMs and higher spatial
frequencies available in the on-scalp measurements. In gSQUID, the
correlation histograms peaked at zero correlation at almost every
sensor distance (Fig. 5) demonstrating the benefits of planar gradi-
ometers: due to more focal FOVs, the lead fields have less overlap. In
addition, the co-located planar gradiometers have orthogonal lead
fields. The results also show that the lead fields of sensors that measure
orthogonal tangential components of the magnetic field have nearly
independent lead fields.

5.3. Total information and point spread

According to our results, the information capacities of the OPM arrays
are clearly higher than that of the state-of-the-art SQUID array. In addition,
the tOPM array with 204 sensors conveys more information than the

nOPM array with 102 sensors, which can be attributed to the larger number
of sensors in tOPM; we verified that the measurement of only one
tangential component (longitudinal or latitudinal) at 102 locations does
not yield more information than the measurement of the normal compo-
nent. Also the total information capacity per sensor is highest in nOPM.

Furthermore, our results clearly indicate that the normal and
tangential components carry independent information as the informa-
tion capacity of the aOPM is higher than the information capacities of
its sub-arrays nOPM and tOPM, indicating that these measurements
are not redundant; see also de Munck and Daffertshofer (2012).
Similar observations have been made for cardiomagnetic fields
(Arturi et al., 2004). To support the total information analysis, we
provide the singular values of the lead-field matrices in Appendix A.

The results from the PSF analysis showed that localization accura-
cies of the OPM and SQUID arrays in minimum-norm estimation are
similar. However, the OPM arrays provided substantially more focal
point-spread functions and thus should offer higher spatial resolution.
Yet, inverse methods that fully utilize the advantages of on-scalp
measurements could be developed.

5.4. Models and field computation

We verified our three-shell models for numerical accuracy and
sensitivity to parameters by comparing topographies obtained with
different model parameters. We first computed the magnetic fields with
BEM surfaces consisting of 2 562 vertices per boundary (average
sidelength 7 mm in the scalp mesh). As the coarseness of the meshes
could affect the results especially when fields are evaluated close to the
surfaces, we repeated in one subject the computations using surfaces
consisting of 10 242 vertices. The results suggest that the sensitivities
of topographies to the densities of the BEM surface tessellations are of
the same order of magnitude for OPM and SQUID arrays, when LG
BEM is used, and that meshes with 2 562 vertices with a linear
Galerkin (LG) BEM are sufficient for the OPM arrays. For skull
conductivity, we used a value of 0.33/25 S/m. To assess, whether
OPMs are more sensitive to this model parameter than SQUIDs, we
compared the obtained topographies to those obtained with skull
conductivity values of 0.33/50 and 0.33/80 S/m in one subject and

Fig. 7. Characteristics of the minimum-norm-based point-spread functions. (A) Peak position error (PPE) and (B) cortical area (CA) relative to the total area of cortex. For details about
the illustration, see the caption of Fig. 2.
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