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Introduction

By noninvasively measuring electromagnetic signals
ensuing from neurons, magnetoencephalography
(MEG) and electroencephalography (EEG) are the
only noninvasive human brain imaging tools that
provide submillisecond temporal accuracy. In this
way, they help to unravel precise dynamics of brain
function. Functional magnetic resonance imaging
(fMRI) provides a spatial resolution in the millimeter
scale, but its temporal resolution is limited because
it measures neuronal activity indirectly by imaging
the sluggish hemodynamic response. In contrast,
MEG and EEG measure the magnetic and electric
fields that are directly related to the underlying
electrophysiological processes and can thus attain
their high temporal resolution.

Processing MEG or EEG data to obtain accurate
localization of active neural sources is a complicated
task. It involves numerous steps: signal denoising;
segmenting various structures from anatomical MRIs;
numerical solution of the electromagnetic forward
problem; a solution to the ill-posed electromagnetic
inverse problem; and appropriate control of multiple
statistical comparisons spanning space, time, and
frequency across experimental conditions and groups
of subjects. This complexity not only constitutes a
challenge to MEG investigators but also offers a great
deal of flexibility in data analysis.

However, thanks to the direct relationship between
the MEG and EEG signals and the underlying neural
currents, much insight into these methods can be
gained by understanding the associated biophysics in
the context of neurophysiology and anatomy. This
chapter discusses the relationship of the macroscopic
MEG and EEG signals and their physiological sources,
thus providing the foundation for understanding the
analysis methods applied to estimate the time courses
of brain activity. It also gives an overview of available
source estimation methods to help beginners
understand their underlying assumptions and their
applicability to particular experimental data.

Sources and Fields

Neuronal currents generate magnetic and electric
fields according to Maxwell’s equations. This current
distribution can be described as the primary current,
the “battery” if you will, in a resistive circuit that
comprises the head. The postsynaptic currents in
the cortical pyramidal cells are the main primary
currents giving rise to measurable MEG/EEG signals.
In many calculations, the head can be approximated
with a spherically symmetric conductor; however,
more realistic head models for field calculations
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can be constructed with the help of anatomical
magnetic resonance (MR) or computed tomography

(CT) images.

If we employ the spherically symmetric conductor
model, the magnetic field of a current dipole can be
derived from a simple analytic expression (Sarvas,
1987). An important feature of this sphere model is
that the result is independent of the conductivities
and thicknesses of the spherical layers; it is sufficient
to know the center of symmetry. In contrast,
calculating the electric potential is more complicated
and requires full information on conductivity.
Because radial currents do not produce any magnetic
field outside a spherically symmetric conductor, MEG
to a great extent is selectively sensitive to tangential
sources. EEG data are thus required for recovering all
components of the current distribution. Since the
resultant current orientation on the cortex is normal
to the cortical mantle, MEG is selectively sensitive
to fissural activity (Fig. 1).

The analytic sphere model provides accurate enough
estimates for many practical purposes. However,
when the source areas are located deep within the
brain or in frontal areas, it is necessary to use more
accurate approaches (Mosher et al., 1999). Within
a realistic geometry of the head, the Maxwell’s
equations cannot be solved without resorting to
numerical techniques. In the boundary-element
method (BEM), the electrical conductivity of the
head is assumed to be piecewise homogeneous and
isotropic. Under these conditions, electric potential
and magnetic field can be calculated numerically,
starting from integral equations that are discretized
to linear matrix equations (Hdmilidinen and Sarvas,

1989; Mosher et al., 1999).

The conductivity of the skull is low; therefore,
most of the current associated with brain activity is
limited to the intracranial space. A highly accurate
model for MEG is obtained by considering only one
homogeneous compartment bounded by the skull’s
inner surface (Hamaildinen and Sarvas, 1989). The
boundary-element model for EEG is more complex
because at least three compartments need to be
considered: the scalp, the skull, and the brain.

It is also possible to employ the finite-element method
(FEM) or the finite difference method (FDM) for
solving the forward problem. The solution is then
based directly on the discretization of the Poisson
equation governing the electric potential. In this case,
any three-dimensional conductivity distribution and
even anisotropic conductivity can be incorporated.
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mantle, making it possible for
the electromagnetic fields from
postsynaptic currents in individual
cells to add up constructively
to produce measurable fields.
Such inference is much more
difficult to make for small deeper
structures, even though it has
been clearly shown that both
EEG and MEG signals can be
produced, for example, by the
brainstem nuclei (Parkkonen et

Figure 1. Principal orientation of primary currents on the cortex (left). Differential sen-
sitivity of MEG and EEG in the presence of cortical folding (right).

Thanks to improvements to computational methods,
FEM approaches are being introduced into routine use
in source modeling algorithms that require repeated
calculation of the magnetic field from different source
distributions (Wolters et al., 2004).

As discussed above, MEG signals can be computed
to a high level of accuracy without referring to the
particular electrical conductivity values within the
head. Therefore, MEG is likely to provide more accurate
estimates of the current strengths than EEG. Combined
with information about the feasible current densities on
the cortex (Okada et al., 1997; Murakami et al., 2002), it
is thus possible to infer the sizes of the activated cortical
areas. These current density estimates are in the range
of 0.1-1.0 nAm/mm’, translating a typical 20 nAm
current dipole observed in MEG/EEG to
a cortical area of 20-200 mm?.

Sensitivity
Characteristics of MEG
and EEG

In general, electric and magnetic

fields decay as a function of distance
from the underlying sources. However,
other important factors affect the
sensitivity of MEG and EEG to activity
in different brain structures. These
factors include the organization of the
active cell assemblies, effects of the
almost spherical symmetry of the head,
macroscopic spatial cancellation effects,
and extent of temporal coherence of
the source activity.

al.,, 2009). Using simulations, it
also has been shown that, in the
absence of simultaneous cortical
activity, hippocampal activity can
be detected with standard source localization methods
(Attal and Schwartz, 2013). The same study also found
that it is possible to detect weak thalamic modulations
of ongoing activity. Furthermore, MEG has provided
insights into the specific dissociated neural pathways
involved in emotion and face perception, including
sources in both the cortex and the amygdalae (Hung
etal., 2010).

[t is important to note that since the spherically
symmetrical conductor model well approximates the
computation of MEG/EEG, the overall conclusion
regarding the relative sensitivities of the two methods
remains valid even in a more realistic head model.
Figure 2 illustrates the distribution of MEG and EEG
sensitivity across the cortex when the signals are

As shown in Figure 1, the cortex has
a cellular organization favoring the
generation of strong MEG and EEG
signals: The pyramidal cells are oriented
in parallel and normal to the cortical

Figure 2. The power of the MEG (left) and EEG (right) signal patterns mea-
sured with 102 magnetometers (left) and 60 EEG electrodes (right) generated
by current sources normal to the cortex. The maximal value of each distribu-
tion is normalized to unity, i.e., the scale bars show fractions of the maximum
value. Notice the strong contribution that sources at the crests of the gyri
make to EEG and the steep falloff of the MEG signal with depth.
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computed using a three-compartment BEM rather
than the sphere model. MEG indeed appears almost
blind to sources at the crests of the gyri and those at
the bottom of the sulci, whereas EEG receives a very
strong contribution from the radially oriented gyral
sources. This discrepancy means that the signal-to-
noise ratio (SNR) of EEG for activity in the sulci is
likely to be lower than that of MEG. In a study by
Goldenholz et al. (2009), theoretical calculations
were further supported by evidence from observations
of variable SNRs of epileptic spikes as a function of
their location of origin. Figure 2 also clearly shows that
deep sources are more weakly reflected in MEG than
in EEG. However, as discussed in Attal and Schwartz
(2013) and supported by the evidence of MEG being
able to detect signals from the deeper structures
discussed earlier, the SNR of MEG and that of EEG

may be more similar than generally thought.

Because the cortex is heavily folded, MEG and
EEG signals originating from the synchronous
activation of a large region of cortex probably suffer
from cancellation effects due to different source
orientations being present. These spatial cancellation
effects were recently studied in detail (Ahlfors et al.,
2010). The results indicate that both MEG and EEG
signals are strongly attenuated because of cortical
folding. Also, this attenuation is more significant in
MEG than in EEG, when a large ensemble of patches
at different locations of the cortex is considered.
The reason for the latter difference is most likely
the contribution that radial sources make to EEG. In
particular, if the activated patch includes a crest of
a gyrus and walls of fissures symmetrically on both
sides of it, the MEG signals arising from the fissural
cortex are canceled out, while the EEG signals
arising from the radially oriented currents remain.
This phenomenon is illustrated in Figure 3, which
simulates the signals arising from the activation of a
large patch in the parietal cortex, covering both walls
of fissures. The EEG signals indicate the presence
of radial currents at the activated site, whereas
MEG detects only minor tangential sources in the
“outskirts” of the activated patch.

The Equivalent-Current Dipole
Models

The goal of the electromagnetic inverse problem is
to estimate the source-current density underlying
the MEG or EEG signals measured outside the head.
Unfortunately, the primary current distribution
cannot be recovered uniquely, even if the magnetic
field and/or the electric potential were precisely
known everywhere outside the head (Helmholtz,
1853). However, it is often possible to use additional
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Figure 3. MEG (a) and EEG (b) signal distributions arising from
the activation of a patch of parietal cortex. In a, the red and blue
contours indicate magnetic emerging and entering the head,
respectively, while in b, red and blue indicate the positive and
negative potential values. The corresponding minimum-norm
current estimates were computed with a cortical constraint and
are visualized in an inflated view of the cortex in ¢ and d. The
activated area is shown with green shading. EEG shows activity
in cortex with radially oriented currents (light gray areas), whereas
the MEG-visible currents in the fissures are largely invisible owing
to cancellation between the opposite walls of the sulci.

anatomical and physiological information to
constrain the problem and to facilitate its solution.
One approach is to replace the actual current sources
by equivalent generators that are characterized by a
few parameters. A unique solution for the parameters
may then be obtained from the measured data by a
least squares fit. Figure 4 illustrates the concept of
the equivalent-current dipole (ECD) source. In this
simulation, an extended patch of cortex near the left
auditory cortex was activated, and the ECD was fitted
to the simulated data. The location of the dipole
matches the site of activation well, even though the
information of the actual extent is naturally lost.

In the time-varying dipole model, first introduced to
the analysis of EEG data (Scherg and von Cramon,
1985; Scherg, 1990), an epoch of data is modeled
with a set of current dipoles whose orientations and
locations are fixed but whose amplitudes are allowed
to vary with time. This approach corresponds to the
idea of small patches of the cerebral cortex or other
structures being activated simultaneously or in a
sequence. As noted, the precise details of the current
distribution within each patch cannot be revealed by
the measurements, which are performed at a distance
in excess of 3 cm from the sources.
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or sLORETA  (standardized
low-resolution  electromagnetic
tomography)  (Pascual-Marqui,

2002).

Although these methods have
clear benefits, including simple
implementation and robustness to
noise, theydonot take intoaccount
the natural assumption that only
a few brain regions are typically
active during a task. Interestingly,
this latter assumption is exactly
what justifies the use of discrete

Figure 4. An equivalent-current dipole (green dot) corresponding to an activated

patch of cortex (red shading). A, anterior; R, right; S, superior.

Distributed Source Models

An alternative approach to source modeling is to
assume that the sources are distributed within a
volume or surface (often called the source space) and
then to use various estimation techniques to find out
the most plausible source distribution. The source
space may be either a volume defined by the brain
or restricted to the cerebral cortex, determined from
MR images (Dale et al., 1999). These techniques
can provide reasonable estimates of complex
source configurations without having to resort to
complicated dipole-fitting strategies.

Inverse solutions that result in a source distribution
are commonly referred to as “imaging methods.” This
nomenclature is motivated by the fact that the current
estimate explains the data and can be visualized
as an image or a sequence of images. If the sources
are limited to the cortex, their orientations can be
aligned with the estimated cortical surface normals
(Dale and Sereno, 1993). In this case, only the dipole
amplitudes need to be estimated. Alternatively, the
orientations can be considered unknown, in which
case both amplitudes and orientations need to be
estimated at each spatial location.

One of the challenges for distributed inverse methods
is that the number of dipoles by far exceeds the number
of MEG/EEG sensors. Therefore, a priori constraints
based on the likely characteristics of the actual source
distributions are necessary. Common priors are based
on the Frobenius norm and lead to a family of methods
generally referred to as minimum-norm estimates
(MNEs) (Hamaldinen and Ilmoniemi, 1984). MNEs
can be converted into statistical parameter maps,
which take into account the noise level, leading to
noise-normalized methods such as dSPM (dynamic
statistical parametric mapping) (Dale et al., 2000)

dipole-fitting methods. In order
to promote such focal or sparse
solutions within the distributed
source model framework, one uses
sparsity-inducing priors (Matsuura
and Okabe, 1995; Uutela et al., 1999). However, if
such priors are applied time point by time point (using
minimum-current estimates, or MCEs), it becomes
challenging to obtain consistent estimates of the
source orientations as well as temporally meaningful
source waveforms.

In order to promote spatiotemporally coherent
focal estimates, several publications have proposed
constraining the active sources to remain the same
over the time interval of interest (Friston et al., 2008;
Ou et al., 2009; Wipf and Nagarajan, 2009; Gramfort
et al., 2012). The implicit assumption then becomes
that the sources are stationary. This conjecture is
reasonable for short time intervals. However, it is not
a good model for realistic source configurations where
multiple transient sources activate sequentially or
simultaneously during the analysis period before
returning to baseline at different time instants.

We recently addressed the problem of localizing
nonstationary focal sources from MEG/EEG data
using appropriate sparsity-inducing norms (Gramfort
et al., 2013). Extending the work from Gramfort et
al. (2012) in which we coined the term “mixed-norm
estimates” (MxNEs), we proposed in Gramfort et al.
(2013) to use mixed norms defined in terms of the
time-frequency decompositions of the sources. We
called this approach the time-frequency mixed-norms
estimates (TE-MxNE). The benefit of this modification
is that the estimates of nonstationary sources can be
obtained over longer time intervals while making
optional standard preprocessing (e.g., filtering or time-
frequency analysis of the sensor signals).

Figure 5 summarizes the spatiotemporal character-
istics of different distributed source estimates. The
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Figure 5. Characteristics of distributed source estimates.
MNE, minimum-norm estimate; MCE, minimum current esti-
mate; MxNE, mixed-norm estimate promoting spatial sparsity
and temporal smoothness; TF-MxNE, time-frequency mixed-
norm estimate allowing for nonstationary time courses.

MNE solutions and statistical maps derived there-
from exhibit nonzero activity at all time points and
spatial locations. Therefore, the extents of the ac-
tivity depend on the statistical thresholding applied.
The MCE solution is a sparse estimate computed
separately at each time point and, therefore, spatial
consistency across time is not warranted. The MxNE
solution posited by Ou et al. (2009) and Gramfort et
al. (2012) shows consistent locations of activity, but
the source amplitudes are nonzero at all time points.
Finally, the TF-MxNE solution is sparse in space and
locally smooth in time/frequency but allows for non-
stationarity of the sources on the global time scale.

Conclusions

Since the relationship of MEG or EEG signals and their
sources is fully governed by the Maxwell’s equations,
the signal distributions arising from given cerebral
sources can be simulated accurately. These simulations
give several insights into the characteristics of MEG
and EEG. For example, MEG is less sensitive to the
actual electrical conductivities within the head, and
EEG and can thus provide more accurate estimates
of the source strengths than can MEG. Furthermore,
although MEG receives weaker contributions from
deep sources within the brain than EEG, the SNRs of
MEG and EEG may actually be similar. The similarity
derives from the strong EEG signals arising from very
superficial cortical activity; these signals, in turn, are
filtered out from MEG owing to the radial orientation
of the corresponding sources.
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The ambiguity of the inverse problem has been
often cited as a major drawback of both EEG and
MEG. Both methods thus have had to rely on a
restrictive source model, making the analysis rather
difficult for a beginner. It is also perhaps confusing
to find that several competing source models are
available, and sometimes, the authors introducing
them are not clear enough about stating the
underlying assumptions and their consequences for
data interpretation. Fortunately, constraints for the
inverse problem can be obtained from other imaging
modalities, in particular, anatomical MRI.

We expect in the future major developments
in efficient and automated MEG/EEG analysis
methods, novel experimental paradigms to fully
utilize the benefits of MEG/EEG, and reliable
routines to combine MEG/EEG with other imaging
modalities. We anticipate that such approaches will
significantly increase our understanding of human
brain functions, especially their temporal dynamics
and the interactions between cortical regions and
deeper structures involved in perception, cognition,
and action.
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