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2. Experimental
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Let’s go back to theory

Model
Mathematical model of the data (linear!):
Nc => Number of sensors
Nc x Nt
MEG / EEG measures

Nt => Number of time points

Ns x Nt
M = G.s + n Noise
Cortical activity
Ns x Nt
Forward operator

Ns => Number of sources

Nc x Ns

N => zero-mean additive noise

M => known MEG or EEG signals
G => known forward operator
S => cortical currents

G explains the magnetic field created by a set of sources with known location & direction on each sensor
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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 theHauk
same&distributions
as in
all NeuroImage
2011
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Sensitivity at the
cortical level

Gradiometers
Magnetometers
ivity maps (sum of squares
for each column of the leadﬁeld) for gradiometers and magnetometers,
normalized to their maxima. Lateral and top views of
Goldenholz et al.
Page 12
wn. Sources were assumed to have ﬁxed orientation perpendicular to the cortical surface.

Source location!
Sensor type!
Sensor location

SENSITIVITY OF WHOLE-HEAD MEG IN ADULT HUMAN CORTEX
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SENSITIVITY OF WHOLE-HEAD MEG IN ADULT HUMAN CORTEX

Probability of
detection

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 ).

! x, ! y, and ! z are the x, y, and z coordinates of the tained for both cubic and arbitrary shaped confidence
mean dipole location, " x0, " y0, and " z0 are the standard volumes are very similar.
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Sources parameters: location, orientation

tained for both cubic and arbitrary shaped confidence
-> Depth
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
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Source strength for
70% of detection

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.

sured data? In order to examine this, in addition to exist at the troughs of sulci and at the crests of gyri.
looking at the detection probability for the target However, gyral sources located near the sulcal wall
source, we estimated the bias in relocating the target have high detection probability, as do sources located
source. This was done by fitting an equivalent current on sulcal walls. Also note the relatively low detection
dipole to the effective gainSources
of the targetparameters:
source, using a probability
for density,
areas in the spatial
temporal lobe
and the simstrength,
organisation
Simplex algorithm (Nelder and Mead, 1965). We de- ilarities between the two subjects.
fined the bias in dipole location to be the Euclidean
The graph of the cumulative detection probability
distance between the target source and the fitted dipole. versus the percentage of total cortical area (Fig. 5)
reveals that 47% of the brain activity in the left hemiSubsampling
sphere of subject IEH can be detected with a probability of 0.7 or higher, given the parameters used. Note
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 thousand point sources were randomly selected and their
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Sensor type!
Sensor location!
Sources parameters!
Source space model:!
Missing parts: Deep nuclei, hippocampus, amygdala, cerebellum!
Sources parameters!
Is a unified model adapted? !
HILLEBRAND AND BARNES

location, strength (density of cells), but also geometry (orientation)

of the source strength that is needed to obtain a detection probability of 0.7 (subject IEH). The folded cortical surface is

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

Electrophysiological model

➡ Detailed specific electrophysiological
priors for each structure:!
!
!
!

- Source orientations !
- Neural current!
- Surface or Volumetric mesh
Subcortical Source Localization Using DBA Model

Table 1. Global characteristics of the DBA model.

Surface mesh

Volumetric mesh

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

[39] can be represented by a hippocampal tessellation. The
characteristics of the global anatomical and electrophysiological

brainstorm). In the case of MEG, which is less sensitive than
EEG to distortions from volume current diffusion, the lead field

Can we detect something?
!

Subcortical Source Localization Using DBA Model

➡ Contribution of each structure to the signal at the sensor level (column of G)

tributions. A. Plot of normalized distributions (with fitted Gaussian distributions) of
r structures.
These distributions
account for
the DMD of eachequivalent!
structure, the geometry
➡ Cortex
and cerebellum
contributions
to the patches. B. Normalized averaged sensitivity distributions (normalized average
Thalamus detection
questionable
ects. ➡
The corresponding
maps are displayed
for the hippocampus and the amygdala.
caled at the subcortical level to better evaluate the distributions of the subcortical

Inverse Operator (Imaging Kernel)
M = G.s + n

W = RG .(GRG +C)
T

Sources Covariance

Estimation of
sources activity

T

-1

Noise Covariance

Inverse Operator
Inversion : Minimum norm -> Distribute the sensors energy on the source space as a whole
Sensor space

Source space

•+

•+

•+

Theoretical biais?
Point Spread Function and Cross talk function:
the resolution matrix R

! POINT SPREAD FUNCTION - PSF: How is a point source distorted
by the inverse estimator? (Columns of R )!

!
!
!
!
! CROSS TALK FUNCTION - CTF: How does a point source in one
location affect the amplitude estimation for a source in another
location? (Rows of R )

Backus and Gilbert, 1968; Menke, 1989, Grave de Peralta Menendez et al., 1997; Liu et al., 2002; Molins et al., 2008)

Theoretical biais?
Point Spread Function: How the activity of a given area is
spreading through localisation
Subcortical Source Localization Using DBA Model

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

methods, with a better distribution of small errors (under 1 cm) for
wMNE. Interestingly, activations of large patches give stronger

badly localized activities by each method. When the hippocampal activity is stronger than the neocortex (R = 25%), hippo-

Localization errors

Monte Carlo Simulations:!
!

• Cortical & DBA activations:!
o Simulated neural currents !
for several size of patches

Localization errors
One source in hippocampus & one source in occipital cortex!
At best 1 to 2 cm in the hippocampus:!
•

size of the source!

•

temporal overlap between sources!

!
Temporal overlap < 25% between cortical and deep sources

time shift

•

From a purely theoretical point of view:
•

We should be able to record something (H & A + Cereb)

•

Signal strength depend on a lot of parameters

•

Sources, sensors, registration, models and localisation
algorithms

•

Spatial resolution will be limited

Can
MEG see deep?
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Experimental data

How to validate / evaluate
A.-S. Dubarry et al. / NeuroImage 99 (2014) 548–558

553

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.
A.-S. Dubarry et al. / NeuroImage 99 (2014) 548–558

553

Fig. 6. Single-trial analysis. (a–c) Raster plots (left column) and spatial distribution of the corresponding activity (right column). (a) Depth bipola
tivation during the peak of the evoked response (GL′2–GL′1). Activities consistent across trials are visible as columns (indicated by black arrows)
response whose temporal and spatial characteristics reﬂected the evoked response. (c) MEG ICA component with similar properties. (d–e) Left col
(Itcor) between activity at several depth electrode contacts and, respectively, the selected EEG and MEG ICA components. Only the SEEG contacts
Fig. 3. Concordance of evoked responses in simultaneously recorded SEEG, EEG and MEG signals, and in MEG signals after de-implantation. The left column shows the average time series,

In practice
T. Dumas et al. / IRBM 32 (2011) 42–47

Dumas et al - PlosOne - 2013
T. Dumas et al. / IRBM 32 (2011) 42–47

45

deling used for MEG source imaging. Three tessellated surfaces were obtained from segmented individual MRI scans: cortical mesh (in grey),
d hippocampus (in red).
46

T. Dumas et al. / IRBM 32 (2011) 42–47
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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
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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 e74145.
averaged
from −200 before
doi:10.1371/journal.pone.0074145
to +400 ms following stimulus onset (baseline = −200 to 0 ms).
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by individual structural information regarding the cortical surnvolves obtaining T1-weighted MRI scans
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J = γ.V

(2)

where V is the volume and ! the volumic current density. This

Let’s go deeper…

Coffey, E. B. J. et al. Cortical contributions to the auditoryNATURE
frequency-following
TICLE
COMMUNICATIONSresponse
| DOI: 10.1038/ncomms110
revealed by MEG. Nat. Commun. 7:11070 - (2016)
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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 !)
Sensor space

Source
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Does MEG see deep -> YES

Leaking is still present
Need enough data to achieve stable results

Hippocampus again
Letter to the Editor / Clinical Neurophysiology 127 (2016) 2766–2769

2767

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

Hippocampus
a

Encoding task

1

Position 1

2

3

...

4

Temporal order memory test

5

Position 6

6

1

...

2

... 36

3

Heusser AC, Poeppel D, Ezzyat Y, Davachi L.
Episodic sequence memory is supported by a
+
theta–gamma phase code. Nat Neurosci.
2016;19(10):1374-1380.
doi:10.1038/nn.4374.
Which came first?

c

Position 1
(next event)

Model simulation results
0.35

Theta–gamma
coupling score (MI)

b

ARTICLES

0.30
0.25
0.20
0.15
0.10
0.05
0

e

d

Coronal

1

2

3

4 5 6 1 2
Sequence position

Axial

3

4

5

6

Sagittal

2.0

1.0
0.5
0
–0.5
–1.0
–1.5

Fit to theta–gamma model
(group-level t-statistic)

1.5

Left
Hippocampus

–2.0

PHG and FG

3.3

3.4

3.5

3.6

3.7

3.8

Fit to theta–gamma model
(group-level t-statistic)

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

Conclusion
➡ Yes it can be done but physic laws prevail!
!

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

J. Iivanainen et al.

➡ Improvements possible
➡ Better models (anatomy, physiology)
➡ Sensors closer to the brain
NeuroImage 147 (2017) 542–553

Iivanainen et al.
t al.

NeuroImage 147 (2017) 542–553
NeuroImage 147 (2017) 542–553

!

Livanainen & all NeuroImage 2017

Tack !
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