Brain Topography (2019) 32:655-674
https://doi.org/10.1007/510548-019-00705-z

ORIGINAL PAPER q

Check for
updates

Quantifying the Effect of Demixing Approaches on Directed
Connectivity Estimated Between Reconstructed EEG Sources

Alessandra Anzolin"23® . Paolo Presti'>® - Frederik Van De Steen3® - Laura Astolfi'?® . Stefan Haufe*
Daniele Marinazzo3”

Received: 7 November 2018 / Accepted: 25 March 2019 / Published online: 10 April 2019
© Springer Science+Business Media, LLC, part of Springer Nature 2019

Abstract

Electrical activity recorded on the scalp using electroencephalography (EEG) results from the mixing of signals originating
from different regions of the brain as well as from artifactual sources. In order to investigate the role of distinct brain areas
in a given experiment, the signal recorded on the sensors is typically projected back into the brain (source reconstruction)
using algorithms that address the so-called EEG “inverse problem”. Once the activity of sources located inside of the brain
has been reconstructed, it is often desirable to study the statistical dependencies among them, in particular to quantify
directional dynamical interactions between brain areas. Unfortunately, even when performing source reconstruction, the
superposition of signals that is due to the propagation of activity from sources to sensors cannot be completely undone,
resulting in potentially biased estimates of directional functional connectivity. Here we perform a set of simulations involv-
ing interacting sources to quantify source connectivity estimation performance as a function of the location of the sources,
their distance to each other, the noise level, the source reconstruction algorithm, and the connectivity estimator. The gener-
ated source activity was projected onto the scalp and projected back to the cortical level using two source reconstruction
algorithms, linearly constrained minimum variance beamforming and ‘Exact’ low-resolution tomography (eLORETA). In
source space, directed connectivity was estimated using multi-variate Granger causality and time-reversed Granger causal-
ity, and compared with the imposed ground truth. Our results demonstrate that all considered factors significantly affect the
connectivity estimation performance.
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Introduction

Understanding how the joint dynamics of separate brain
regions gives rise to functions is a fascinating and challeng-
ing issue. Several techniques are continuously being devel-
Alessandra Anzolin and Paolo Presti have contributed equally to oped to investigate these dynamics. EEG signals, due to their
this work. high temporal resolution and non-invasiveness, are often
This is one of several papers published together in Brain erpployed to investigat§ .how bra.in activity is mOd}ﬂated in
Topography on the “Special Issue: Controversies in EEG Source different tasks or conditions (Friston 1994; Horwitz 2003;
Analysis”. Astolfi et al. 2004; Babiloni et al. 2005; Blinowska 2011). One
of the main downsides of scalp EEG is the low spatial reso-
lution resulting from head volume conduction (Nunez et al.
Electronic supplementary material The online version of this 1997; Nunez and Srinivasan 2006). It is well known that the
article (https:/doi.org/10.1007/s10548-019-00705-z) contains electrical activity measured at the sensors level is a mixture
supplementary material, which is available to authorized users. of the activity coming from all of the sources in the brain (in
addition to contributions coming from outside of it). In other
words, the geometry of the head and the presence of several
tissues with different electrical properties between the cortex
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and the scalp distort the electric field generated by active neu-
rons. Therefore, the electrodes cannot be seen as a proxy for
brain regions. The high correlation between signals recorded
from neighbouring electrodes at scalp level leads the majority
of connectivity estimation algorithms to estimate inaccurate
patterns including spurious links, and to taint results with poor
interpretability. Therefore, making inferences on connectivity
from the EEG signal is still not straightforward (de Steen et al.
2016; Haufe et al. 2013). In order to overcome or attenuate the
volume conduction problem, several strategies and algorithms
have been proposed to estimate source activities from multi-
channel EEG recordings (Brunner et al. 2016). For example,
simple spatial filters as the Laplacian can reduce the correla-
tions among scalp-recorded channels induced by source mix-
ing (Nunez et al. 1997). Another possibility is to apply blind
source separation (BSS) techniques that allow the separation
of the data into underlying components representing the activ-
ity of potentially extended networks at the source level. Two
algorithms specifically developed for Granger-causal inter-
actions assume that these components follow a multivariate
autoregressive (MVAR) model with independent innovation
noise (Gémez-Herrero et al. 2008; Haufe et al. 2010). While
such approaches allow one to reduce the volume conduction
effect, the problem of the interpretability of the results is not
completely addressed since directed dynamical influences are
estimated between components and not on the cortical brain
activity.

Another important choice concerns the connectivity esti-
mator. There are different kind of algorithms, which can be
categorized based on whether they estimate directed (Haufe
et al. 2013; Granger 1969; Nolte et al. 2008) or undirected
(Nunez et al. 1997; Lachaux et al. 1999; Nolte et al. 2004;
Vinck et al. 2015) interactions, whether they assess bivariate
(Nunez et al. 1997; Lachaux et al. 1999; Nolte et al. 2004;
Vinck et al. 2015) or general multivariate (Barnett and Seth
2014; Winkler et al. 2016) relationships, and whether they
are robust to artifacts of volume conduction (Haufe et al.
2013; Nolte et al. 2004, 2010; Vinck et al. 2011) or not
(Nunez et al. 1997; Lachaux et al. 1999). Since the behavior
of undirected and bivariate metrics under volume conduc-
tion has already been extensively studied (Nolte et al. 2008;
Vinck et al. 2015), here we focus on the more challeng-
ing case of directed connectivity estimation within a low-
dimensional multivariate system. Among the connectivity
estimators that are applicable in this setting, worth noting
is the class of multivariate estimators based on the concept
of Wiener—Granger Causality (GC) (Granger 1969). These
data-driven approaches are computationally simple and
require no a priori assumption on the presence or absence
of interactions between specific pairs of variables. For this
reason we decided to focus on the classical time-domain
measure Multi-Variate Granger Causality (MVGC) (Barnett
and Seth 2014) and its Time-Reversed version (TRGC) that
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uses time-reversed data as surrogates for statistical testing to
achieve a reduced sensitivity to artifacts of volume conduc-
tion (Haufe et al. 2013; Winkler et al. 2016). One of the pos-
sible solutions to achieve interpretable results is the recon-
struction of brain sources prior to conducting connectivity
estimation. To solve the ill-posed (as the number of sources
is higher than the number of sensors) EEG inverse prob-
lem, several parametric and non-parametric methods were
developed. Most of the available techniques (including mini-
mum norm estimates and their generalizations, LORETA,
VARETA, S-MAP, ST-MAP, Backus-Gilbert, LAURA,
Shrinking LORETA, FOCUSS (SLF), SSLOFO and ALF
for non-parametric methods and beamforming techniques,
BESA, subspace techniques for parametric methods) are
very well described in (Grech et al. 2008). Other previous
studies on real EEG data have already compared different
inverse solutions (Mahjoory et al. 2017; Hedrich et al. 2017).
Hedrich et al. used the resolution matrix to compare source
reconstruction techniques (MNE, dSPM, sLORETA, and
cMEM) in terms of spatial resolution, demonstrating that
MEG and hdEEG signals allow very accurate localization
(Hedrich et al. 2017). Among them, we decided to focus on
two of the most commonly used: the ‘exact’” Low Resolu-
tion Tomography (eLORETA) (Pascual-Marqui et al. 2011),
and the Linearly Constrained Minimum Variance (LCMV)
Beamformer (van Veen et al. 1997). They are efficiently
computable on long time series and make minimal assump-
tions. For these reasons they are most widely adopted/imple-
mented in the currently available toolboxes. Moreover, they
allowed the investigation of two different types of methods:
beamformers and distributed inverses. Inverse approaches
for extracting cortical waveforms and Granger-based estima-
tors for connectivity measures can be combined to extract
and investigate the human brain circuits, but an evalua-
tion of the combined approach under different conditions
is still necessary. In fact, differences between algorithms
for the inverse problem solution and between connectivity
estimators could result in differences in terms of the spuri-
ous connections they bring about. In this context the main
objective of this study is to quantify the amount of spuri-
ous estimated links at source level in different conditions.
Recently some solutions for reducing the wrong connections
were proposed: orthogonalization methods as “leakage cor-
rection” (Hipp et al. 2012; Colclough et al. 2015; Brookes
et al. 2012), adaptive parcellation (Farahibozorg et al. 2018;
Biscay et al. 2018), and inverse solution estimation in the
frequency domain (BC-VARETA) (Gonzalez-Moreira et al.
2018). In particular, although the reliability of the leakage
correction was investigated in different works, other evi-
dence demonstrated that such correction applied to inverse
solution signals could produce false human connectomes
(Pascual-Marqui et al. 2017) because it is unable to remove
the spurious secondary correlations (auto-correlation of the
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time series and the non-linear relationships such as power
correlations).

The goal of the present study is to propose a basic yet
comprehensive framework to quantify the effect of mix-
ing and to further validate the performance of the differ-
ent approaches such as those mentioned above, and more
to come. We investigated the ability of source localization
approaches and methods for brain connectivity estimation
to provide accurate and reliable estimates as insensitive as
possible to the spurious effects induced by the residual mix-
ing of the signals at source level, and thereby allow one to
interpret the obtained results in neurophysiological terms.
In particular, the present study:

e Demonstrates the possibility of significantly reducing
negative effects of volume conduction on connectivity
estimates by employing TRGC as opposed to GC without
time-reversal.

e Provides guidelines on how to correctly interpret results
obtained from using the specific combination of meth-
ods tested in similar experimental scenarios (at different
depth and relative position);

e Compares the effect of two of the most used source
reconstruction algorithms, eLORETA and LCMV, on
the accuracy of the source connectivity patterns.

We thus generated simulated data, mimicking brain
source signals with an imposed connectivity pattern. The
influence of volume conduction on connectivity estimates
was investigated by assigning these simulated source sig-
nals to different anatomical location in the brain. The choice
of the forward model used to describe the mapping from
activations inside the brain to scalp potentials is the ‘New
York Head’ (Huang et al. 2016). The results of these simula-
tions allow us to identify the best-performing combination
of algorithms for the estimation of the brain activity and
connectivity in different experimental conditions.

Methods

Over the past few decades, different techniques of source
localization applied to EEG data were developed to provide
a non-invasive yet localized estimate of brain activity (Grech
et al. 2008). Such techniques employ voltage measurements
at various locations on the scalp to estimate the current
sources inside the brain which best fit these data. Source
localization techniques are based on the following generative
model of EEG data:

o) = LI(t) + (1) (1)
where @(f) € R is the EEG signal measured from M scalp
locations at time ¢, J(f) € R*" is the macroscopic primary

current density to which we will refer to in terms of “activ-
ity” of N sources (with a 3D orientation in the space),
L € RM%N is the leadfield matrix summarizing the propa-
gation of the N active sources j to the EEG sensors, and
£(f) € R is the measurement noise. The lead-field matrix
L contains information about the geometry and the conduc-
tivity of the majority of the tissues in the head (between the
sensors and the sources) and can be obtained by forward
modeling. The estimation of the sources J(¢) from the meas-
ures ®(r) constitutes the source reconstruction and is also
known as inverse modeling. The two modeling approaches
will be described in detail below.

Forward Problem

The estimation of the scalp potentials resulting from the cur-
rent distribution inside of the head (modelled by hypotheti-
cal dipoles) is called forward problem (Grech et al. 2008).
The model to solve it consists in a set of assumptions and
computational approximations of the geometry and electri-
cal properties of the different tissues in the head. This model
and Maxwell’s equations are then used as a method to find
the relationship between these magnitudes. The result is
the scalp activity as a function of the current density (pro-
duced by neuronal generators) and describes how the elec-
trical field spreads through the different layers of the head.
The New York Head is an accurate finite element electri-
cal model of the average adult human head (Huang et al.
2016). It is based on a highly detailed nonlinear average of
T1-weighted structural MR image of 152 adults provided
by the International Consortium for Brain Mapping 1ICBM)
(Fonov et al. 2011). A detailed segmentation of this average
image into six tissue types (scalp, skull, CSF, grey matter,
white matter, air cavities) was performed at the native MRI
resolution of 0.5 mm?>. The suitability of this volume con-
ductor model to serve as an approximation for individual
heads was tested by comparison with additional BEMs and
FEMs constructed for four subjects (Huang et al. 2016).
The model was evaluated for 231 electrode positions and
for 75,000 nodes of a mesh of the cortical surface. In the
present work we used a lead field matrix L extracted from
the original one, on a subset of 108 sensors.

Inverse Problem

The EEG inverse problem is defined as the estimation of
brain sources from potentials measured on the scalp. It is
an ill-posed problem because for all admissible output volt-
ages, the solution is non-unique (since the number of active
dipoles exceeds the number of sensors) and unstable because
the solution is highly sensitive to small changes in the
noisy data (Grech et al. 2008). The accuracy of the source

@ Springer



658

Brain Topography (2019) 32:655-674

reconstruction is affected by a high number of factors includ-
ing the head model errors, the source-modelling errors, and
EEG noise (instrumental or biological) (Whittingstall et al.
2003). Several methods were developed that provide a solu-
tion to solve the inverse problem. In the present study, we
focused on two methods: (i) the Linearly Constrained Mini-
mum Variance Beamformer (LCMYV) and (ii) the ‘Exact’
Low Resolution Tomography (¢eLORETA).

Linearly Constrained Minimum Variance (LCMV)

Linearly Constrained Minimum Variance filtering (LCMYV)
(van Veen et al. 1997; Whittingstall et al. 2003) is a spatial
filtering method that lets brain activity coming from a spe-
cific location pass (i.e. leave unaltered), while attenuating
activity originating at other locations. The output of the filter
is an estimate of the activity generated by neural populations
within a restricted area of the brain. A map of the brain
activity as a function of location is obtained by designing
multiple spatial filters, each with a different pass location,
and depicting the variance of the estimated neural activity
over time as a function of pass location. This spatial filtering
approach falls within the general category of beamforming.
The source signal at each location in the brain consists of
the three dipole moments, so that three spatial filters for
each location are required. The Nx 3 matrix W(q,) repre-
sents the transfer function of the filter for the narrowband
volume element Q, centered in q,. The output of the filter J
is the inner product of W(q,) and the potentials due to the
N active dipoles ®.

J=W(q)® 2)
Under ideal conditions, the transfer function of the filter
has to satisfy two conditions:

W' (q0)L(q0) =1 3)

W' (qo)L(g,) =0 @)
where g, is any position other than g, within the volume of
the brain. As this cannot be achieved under general condi-
tions, Eq. (4) is replaced by the condition that the variance of
the filter output is minimal. The optimal filter that achieves
this is given by:

W(go) = [L"(g0)Cq'L(g0)1" L (g)C' ®)
where
Cy = E[®D7]. (6)

is an estimate of the sensor-space covariance. Hence, after
some algebra, the estimated variance becomes:

ar (g0) = 1 { IL" (40) C3'L(g0)1 ™' | (7
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To localize the electrical activity of the brain sources, the
variance of the LCMYV filter output is evaluated as a function
of location within the volume of the brain, normalized by the
output of the same LCMYV filter on reference (noise) data.
As the simulated signal in the present study was supposed
to represent the brain’s general background (resting-state)
activity, the only possible noise source was measurement
noise, which was modelled as spatially uncorrelated sen-
sor noise with identity covariance matrix. Regions of large
relative variance are presumably active, while regions with
small relative variance can be considered inactive. Neverthe-
less, in the present study we only considered the estimated
source time series (filter output) to assess connectivity pat-
terns between them. Factors that may influence the accuracy
of the LCMV are:

e The pass-band of the filter, indicating the spatial resolu-
tion. The spatial extent of the pass-band depends on the
transfer matrices L(g), which in turn depend on the num-
ber of electrodes, their distribution, and source location.

e The SNR, because of the variance minimization proce-
dure used to determine the spatial filters.

‘Exact’ Low Resolution Tomography (eLORETA)

‘Exact’ low resolution electromagnetic tomography (eLO-
RETA) (Pascual-Marqui 2007) is a linear inverse method
characterized by spatially smooth current density. In the
most general case, linear solutions to the EEG inverse prob-
lem are of the following form (Bell 1978):

J(2) = argmin, (I|LJ — @12 + AJ"ST) 8)

where A represents the Tikhonov regularization parameter
which can be estimated through the general cross validation
approach (Tikhonov and Arsenin 1977), and where S is a
symmetric positive definite weight matrix. The idea of eLO-
RETA is to find an appropriate S matrix in Eq. (8) such that
the solution has zero localization error for all single point
sources in the brain (Pascual-Marqui 2007). These weights
are obtained from the following expression:

S = [L(LS™'LT + ar,) +L)"?

©
where S; for i=1,...,N (number of voxels) are the diagonal
elements of the weight matrix S, L; € RMx1 represents the
i-th column of lead field matrix L, and the symbol + refers to
Moore—Penrose pseudoinverse. The solution to Eq. (9) can
be found by iterating four steps. First, we have to initialize
the diagonal matrix § with §; = 1 for i=1,...,N and then
compute:

C=(LS'L" +1,)" (10)
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Holding C fixed, we compute new weights for all the
dipolesi=1,...,N:

s, =[L7cr)"” (11)

and then we return to Eq. (10) until convergence. Once the
S, have been estimated, the eLORETA solution is given by
the following expression:

1, =S'LT(LS™'L" + iI,)) + ® (12)

It has been suggested that eELORETA solution achieves
exact localization to single test point sources under ideal
(no-noise) conditions. Even if this theoretical property does
not hold anymore in the presence of two or more sources
(thus, in any setting involving source interaction), the studies
that have evaluated this method in realistic scenarios, have
found that it outperforms other linear solutions (Pascual-
Marqui et al. 2011).

Multivariate Directed Connectivity Estimation
Multivariate Granger Causality (MVGC)

The concept of Granger causality (Granger 1969; Geweke
1984) is based on the predictability of time series. Namely, if
a time series Y, contains information that improves the pre-
dictability of future values of another time series ¥, above
and beyond what can be predicted on the basis of Y; alone,
then Y, is said to Granger-cause Y;. In other words, if the
prediction error decreases by adding the past values of Y,
to a regression model for predicting Y;, we can say that Y,
Granger-causes Y. In the BIVAR (bi-variate vector-autore-
gressive) formulation, this notion is described as follows:

Y, < <A11kA12k><le—k> <e1z>
To= ’ ’ ’ + ’ 13
Yy, ; Agri A Yyik €y (13)

e 2, Z
> = cov 1,r>=< 11 12) 14
< € o Xy (14
where p is the optimal order of the model and A is the matrix
of autoregressive coefficients. At this point, one can per-
form a full regression (Eq. 15), using both time series, and

a reduced regression (Eq. 16), using only the target time
series:

p P
Y, = ZAll,le,z—k + ZAIZ,kYZ,r—k + ey (15)
k=1 k=1
p
Y, = Z A,11,1<Y1,t—k + e,u (16)
k=1

In the full regression, the dependence of Y, ; on the past
of Y,, in addition to its own past, is encapsulated in the
coefficients A;, ;. There is no dependence between ¥; and
Y, if the coefficients are null for all lags k, A;,; = Aj;,
= ... =Aj;, = 0. Prediction error estimation is based on
full and reduced regression residuals. In particular X';; =
var(e'; ) is the residual variance in the case of reduced
regression and X;; =var(e;,) is the residual variance in
the case of full regression. Pairwise time-domain Granger
Causality (PGC) is defined as

!’

froy =log == (17)
11

If a dynamical influence from Y, to Y, exists, the value
of fy,_y; is greater than zero. However, if there are joint
dependencies between Y, and Y, and a third time series,
e.g. Y; then spurious Granger-causal influences may be
reported using PCG. This issue can emerge, for example,
when there is no direct influence ¥, — Y, but there are
(possibly lagged) dependencies of ¥, and Y, on Y;. To
overcome this problem, Barnett and Seth propose a differ-
ent way to compute GC, introducing the so called Pairwise
Conditional Granger Causality (PWCGC), which condi-
tions out common dependencies between variables before
estimating pairwise GC scores, provided such dependen-
cies are present in the data (Barnett and Seth 2014). The
MVAR model is a generalization of BIVAR to three or
more time series. In the case of three variables, the corre-
sponding full regression (Eq. 18) and reduced regressions
(Eq. 19) take the following forms:

p p

p
Y, = ZAll,le,t—k + ZAIZ,kYZ,t—k + ZA13,kY3,r—k + ey

k=1 k=1 k=1 (18)
p p
Yl,t = ZA;L/(YI,t—k + ZA,13,kY3,t—k + el1,t (19)
k=1 k=1
2‘/11
Jya—yiys = log (20)

le

Here, fy,_y;y; may be read as “the degree to which the
past of Y, helps to predict Y;, over and above the degree
to which Y is already predicted by its own past and the
past of Y;”. In our simulation study, we are going to use
this variant of MVGC. Additionally, it is worth noting that
we use the state-space formulation of Granger causality,
which eliminates the bias due to the fact that the reduced
model is vector auto regressive moving average (VARMA)
and not VAR (Faes et al. 2017). This state-space formu-
lation can also prove convenient when trying to solve
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the source reconstruction and the connectivity between
sources at the same time (Cheung et al. 2010).

Time Reversed Granger Causality (TRGC)

Granger-causal estimators are prone to detect spurious influ-
ences not only in the presence of hidden common drivers but
also in the presence of additive correlated noise (Haufe et al.
2012, 2013; Nolte et al. 2008; Vinck et al. 2015; Winkler
et al. 2016). Correlated noise is ubiquitous in EEG data,
which are by their very nature linear mixtures of contri-
butions from different sources. Since this mixing process
cannot be fully undone using source imaging techniques, it
poses a serious problem for EEG-based brain connectivity
analysis using GC. To overcome the problem of spurious
connectivity, Haufe et al. proposed time-reversal (Haufe
et al. 2013; Winkler et al. 2016). The intuitive idea behind
this approach is that, if connectivity is defined based on
temporal delays, directed influence should be reduced (if
not reversed) if the temporal order is reversed. This is often
contrasted by the observation that two signals that are cor-
related but non-interacting often appear spuriously Granger-
causal interacting no matter if GC is applied on the original
or time-reversed data. If, however, GC estimates obtained
on original and time-reversed data are contrasted with each
other, the instantaneous influence of volume conduction can
be removed, and the false detection of connectivity can be
avoided. Here we define TRGC based on the Granger-scores
defined in Eq. (17) (Nolte et al. 2008). The residual covari-
ance matrix of the time-reversed AR process (defined on
time-reversed data Y (), ifz\(f)) is denoted by:

o _ [0 212]

= | &l £ 21
-5 % b
for the full model, and by
d _ 2,11 2,12]

= =, =, (22)
Z lZ 2 2 n

for the reduced model. Consequently, the Granger score on
time-reversed data is defined as

Z/
frs57 = log (Z—“> (23)

11

Finally, it is recommended (Winkler et al. 2016) to trans-
form the original GC scores in Eq. (17) and Eq. (23) into
net GC scores

¢ _
Yooy =fvamyi —frieya 24)

and

@ Springer
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f’fz_,;“l —Jy2-Y1 T J/y2-v1 25)

One way to test whether a Granger-causal influence can
be explained by a trivial linear mixture of independent
sources is to check whether the directionality of GC flips
when time-reversing the signals. This approach is called
conjunction-based time-reversed GC (Winkler et al. 2016).
A connection can be regarded as significant (not caused by
source mixing) according to conjunction-based TRGC if
the GC scores for original and reversed data have opposing
directions and are both significant:

Jyaoy1 > OA Sy >0 (26)

This is the definition adopted in the present paper. When
net GC scores are used, the sign of the net GC score is
required to flip for time-reversed data in comparison to the
original data, and the conjunction-based TRGC criterion

becomes [ > 0Af2 _ < 0. Simulations have shown
Y2-Yl1 Y2571

that TRGC leads to a reduced number of false connections,
compared to original GC and its variants. Theoretical work
presented in (Winkler et al. 2016) has moreover shown that:

e The application of time reversal to any connectivity
measures that is based on second order statistics—which,
besides GC and pairwise-conditional GC also includes its
direct extension to frequency domain (spectral GC) and
the popular frequency-domain measures partial directed
coherence (PDC) and directed transfer function (DTF),
among others—prevents the spurious detection of con-
nectivity on mixtures of independent sources that would
otherwise be highly likely.

e The application of time reversal to Granger causality
(that is, the use of TRGC) is guaranteed to always yield
the correct direction of interaction for systems that do not
contain causal loops and are noise-free.

Statistical Assessment of Significant Connections

The standard way to assess the statistical significance
of Granger scores is a likelihood ratio test, which can
be derived from large-sample theory (Wilks 1938). If
dim(X,)=n,,, dim(X,)=n,, and dim(X3)=n 5 (withn +n,,
+ n,4 = n) then the difference in the number of parameters
between the full model and the nested reduced model (see
Eq. 19) is just d=p n,, n,,. Thus, under the null hypothesis
of zero Granger-causal influence, the GC estimator scaled by
sample size, (m —p) Fy,_xix3(W), has an asymptotic 4 dis-
tribution (where m is the order of integration and p the order
of the model). Under the alternative hypothesis, the scaled
estimator has an asymptotic noncentral—y? (d; v) distribu-
tion, with non-centrality parameter v = (m—p) Fy,_xx3(W)
equal to the scaled actual influence. Note that this standard
statistical test, when applied to the conventional GC score,
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is capable to distinguish actually present GC from results
obtained due to random signal fluctuations in the absence
of GC. It is not capable of distinguishing actual GC effects
that are due to genuine time delayed interaction from actual
GC effects that are solely due to source mixing (or, more
generally, additive mixed noise) in the absence of genuine
time-delayed interaction. To test for the latter, time-reversed
GC needs to be assessed. This is done here by evaluating
the significance of the GC scores obtained on time-reversed
data using the same statistical approach, and by evaluating
the conjunction based TRGC criterion (26). In this work, we
used an alpha level of 0.05, FDR corrected (Benjamini and
Hochberg 1995), and the corresponding p value is taken as
a threshold to binarize the connectivity graph.

Simulation Framework

The simulation study developed for investigating the effects
of the volume conduction on connectivity estimation accu-
racy and reliability is composed by the following main steps:

e Generation of brain signals with an imposed connectivity
pattern

e Forward modeling

e Inverse modeling

e Connectivity estimation
e Performance evaluation

An overview of the simulation framework, with all of the
considered factors, is shown in Fig. 1.

Simulated Time Series Generation

Pseudo-EEG data were generated employing the toolbox
developed by Haufe and Ewald (2016). We simulated three
time series of 1000 samples and one connection. In particu-
lar, the source dynamic was generated by using the following
multivariate autoregressive (MVAR) model with order 2:

o] rlam 0o 0 Jye-p] [a®
Y0 [= X an® an®) 0 | y0-p) [+ |0
wo | =0 0 au®) | ve-p] | a0

@7

where y(t), y.(t) and y,(t) are the sender, receiver, and
non-interacting dipole, to respectively indicate the driving
dipole, the receiving dipole, and the independent dipole.
Each of them represents an active source contributing to the
simulated EEG scalp potentials; al:]-(p) with i, je {1,2,3} and
p e {1, ..., P} are the autoregressive coefficients; a,, is the
coupling strength imposed from the sender to the receiver.

Fig.1 Block diagram illus-
trating the main steps of the START €
simulation framework
Pttt v v
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I} #MOVING DIPOLE TYPE : GENERATION OF 3 BRAIN GENERATION OF 500 NOISY
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(scalp projection) (scalp projection)
|
] #SNR
L o o e e e e 1
PSEUDO-EEG SCALP
SIGNALS
,’- - ;LTNEA-RTNV/E_RS_E- - -'l N INVERSE PROBLEM
L___ AGORITHM (source reconstruction)
I~ TWCONNECTVITY [ GRANGER-CAUSAL
L' ESTIMATOR ! CONNECTIVITY ESTIMATION
PERFORMANCE
EVALUATION
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Both the autoregressive components and the off-diagonal
element were randomly chosen within the range [0.3 1]. ¢,(?)
with i € {1, 2, 3} represents uncorrelated standard normal
distributed realizations of an innovation process. We also
generated 500 mutually statistically independent sources
of pink “brain noise”, generated by scaling the amplitude
spectrum of random white Gaussian noise with the factor
1/f using the Fourier transform and its inverse. These 500
signals are meant to represent the brain background activity.
The selected 1000 time points followed a discarded transient
of previous 1000 points to ensure stability and independence
from the initial conditions.

Simulated Time Series Location

Brain activity was modelled with 1006 electric equivalent
dipoles, equally distributed within the brain. Using the
New York Head model, we obtained the dipole positions by
subsampling the 75,000 MNI coordinates available in the
ICBM152 model. In panel a of Fig. 2 we showed all of the
1006 possible dipole locations.

For each simulation, we fixed the position of the sender
and receiver on four possible configurations (represented
in Fig. 2b) defined from the combination of the following
factors:

e Depth of the dipoles: “superficial” (distance from the ori-
gin> 6.5 cm) or “deep” (distance from the origin <6 cm);

e Distance between the dipoles: “far” (relative dis-
tance > 8 cm) or “close” (relative distance <5 cm).

Fig.2 a The 1006 locations
uniformly distributed in the (a)
brain in which the activity was
modelled. Green circles repre-
sent the 500 “deep” dipoles; the
remaining red ones represents
“superficial” dipoles. b Presents
the four conditions for the two
fixed active dipoles, which are
the red (sender) and the purple
(receiver) one. The black circle
represents the non-interacting
dipole (noise)
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According with (Huang et al. 2016), the origin was
located at the anterior commissure. The third dipole, the
Non-Interactive one, that we will call moving dipole,
changes its location at each iteration on the remaining 1004
positions. Two different cases were analysed by changing
the moving dipole. In the first case, it is the non-interacting
dipole, thus the connection is fixed. In the second case, the
moving dipole is the receiver; thus, the relative locations of
sender and receiver varies across repetitions. The 500 addi-
tional noisy elements were randomly distributed within the
brain. With regard to the sources direction, we assumed that
dipoles are oriented perpendicularly to the cortical surface
following the simulation framework proposed by Haufe and
Ewald (2016).

Pseudo-EEG Signal Generation

After the signals generation, the time series representing
both the source activity and the noise were projected onto
108 EEG electrodes defined by the New York Head model
described in “Forward Problem” section. Then, they were
summed according to following equation:

xact ( t)
O3

+ (1 _ y) X xﬂ()lSEiS(t) (28)

brain _
O =rx e ()]l

The signal-to-noise (SNR) parameter y is drawn from the
interval (0.1, 0.9). In particular, in the present simulation
study we selected y equal to 0.5, 0.7 and 0.9 to simulate low,
medium, and high SNR respectively. All of the variables in
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the formula refer to the signals at the scalp sensors level.
In particular, x*** and x"***-* are the projections of the
active sources signals and of the brain noise sources activ-
ity respectively, thus their dimensions are [108 (number of
sensors) X 1000 (signal length)]. ||x(?)|| is the Frobenius
norm of the multivariate time series x(¢) (the square-root of
the sum of the squared activity across time and space). The
specific SNR definition used for this study represents the
brain noise level and allows deep sources to have the same
strength as shallow sources. It would make the discovery of
deep sources more difficult but, on the other hand, as SNR is
computed not per-source, but for all three sources together,
this imbalance is mitigated. Other SNR definitions would
allow for a fairer view of the difference in discovery between
superficial and deep sources, but other biases would remain:
as we only use a fixed set of four locations, the results would
also depend on the correlation of the scalp patterns of these
four particular sources. For the purpose of this study and
given the fact that the separation between noise and signal
in the context of EEG source reconstruction is not perfectly
defined, we prefer to use this recipe. Finally, in order to
simulate the measurement noise, spatially and temporally
uncorrelated signals are added to x*"(¢) with an imposed y
equal to 0.9. The overall pseudo-EEG data is defined from
the following equation:

xbrain ( [)
[JcPrain(e)] |

xnoise(t)

x(t) =09 x . _
[[xose(D)]]

(29)

where x"™is€ {5 the white uncorrelated noise.

Source Reconstruction and Directed Connectivity
Estimation

The simulated pseudo-EEG signal was projected onto the
cortical surface using two different inverse solutions: LCMV
and eLORETA. The regularization parameter to be set in
the eLORETA algorithm was chosen by means of a cross-
validation approach equal to 0.01. In cortical source space,
directed connectivity was estimated with MVGC and TRGC
at the location of the three simulated active dipoles, and
the statistical significance of the estimated connections was
assessed.

Performance Parameters

The quantitative evaluation of the connectivity estimation
was performed by means of three parameters: the false posi-
tive rate (FPR), the false negative rate (FNR), and the area
under roc curve (AUC). Such parameters were computed
by comparing the estimated connectivity pattern with the
imposed ground-truth. A false positive (FP) is an estimated
(statistically significant) connection that is not present in

the simulated data, while a true negative (TN) is an absent
simulated connection that is correctly estimated as being
absent. The FPR (see Eq. 30) is the number of false positives
normalized by the number of absent connections. The FPR
is thus defined as in the follows:

FP

FPR = ———
FP + TN

(30)

The FNR quantifies the percentage of missed (not statisti-
cally significant) connections (referred to as false negatives,
FN) that are present in the simulated data relative to the total
number of actually present simulated connections. The lat-
ter number is given as the sum of false negatives and true
positives (TP, referring to actually present connections that
are also estimated to be present). The FNR is thus defined
as follows:

FN

FNR = ——
FN + TP

€2y

In this study, the total number of possible connections is
six (two possible directions for three distinct pairs of varia-
bles). As only one interaction was modelled, FN+ TP equals
one, while the number of absent connections (FP+ TN) is
equal to five.

The AUC is a measure of binary classification accu-
racy, which is applied here to the problem of distinguishing
between interacting and non-interacting signals. It takes into
account both the FPR and FNR across the entire range of all
possible thresholds for the connectivity measure; therefore,
it is independent of a specific significance threshold. The
AUC was derived from the Wilcoxon—-Mann—Whitney statis-
tic test (also known as the Wilcoxon rank-sum test statistic)
(Hanley and McNeil 1982).

Statistical Analysis

In order to statistically evaluate the accuracy of the employed
algorithms in reconstructing the sources activity and esti-
mating brain networks, a four-way ANalysis Of VAriance
(ANOVA) was computed. The main within factors were:

e the fixed dipoles position (DIP_POS) with four levels:
close deep, close superficial, far deep, far superficial;

e the adopted inverse methods (L_INV_METH) with two
levels: eLORETA, LCMV;

e the connectivity estimator (EST_TYPE) with two levels:
MVGC, TRGC;

e the signal-to-noise ratio (SNR) defined by three levels of
7: 0.5, 0.7, 0.9 which in the next sections will be identi-
fied as “low”, “medium” and “high” value of SNR.

The dependent variables were the three introduced per-
formance parameters (FPR, FNR and AUC) averaged on the
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1004 possible location of the moving dipole. The simula-
tion was repeated 100 times for each experimental condition.
Additionally, a post hoc analysis was performed in order
to highlight the significant comparisons between the vari-
ous level of the included factors and their interaction, using
Tukey’s range test.

Topographical Visualization of the Results

As described in the previous paragraph, the ANOVA inves-
tigates the performance parameters averaged for more than
one thousand possible locations of the moving dipole. In
order to obtain a detailed overview on the variations of the
accuracy of the estimation as a function of the position of
the moving dipole, we averaged the performance param-
eters across the 100 repetitions and reported the obtained
results in 3D brain maps. The color of each one of the 1004
dipoles codes for the value of the FPR. We do not report the
maps obtained for the false negatives because their amount is
always very low (less than 5%). With the aim to summarize
the complex information contained in the brain maps, we
also calculated the FPR as function of the Euclidean distance
between sender and receiver as well as between sender and
non-interacting dipole for each SNR level, inverse approach,
and connectivity estimator. Each point in the figure (for each
SNR level and linear inverse method) is the average of the
FPR computed when the moving dipole is placed in a spe-
cific range of distance from the sender (i.e. all the moving
dipole positions 2-3 cm far from the sender). The position of
the fixed dipole (either receiver or non-interacting dipole) in

Table 1 Results of the four-way ANOVA (F values and p values)
computed considering as dependent variables FPR, FNR, and AUC
and as within main factors the type of inverse algorithm (L_INV

these analyses were far and superficial to explore the fluctua-
tions of the performance parameters also in the best experi-
mental condition.

Results

Statistical Assessment of Recovery of Simulated
Connections

The results of the four-way ANOVA computed separately for
the three performance parameters are reported in Table 1.
A four-way ANOVA consists of 15 separate multiple tests
(four main effects, six two-way interactions, four three-way
interactions, and one four-way interaction). Therefore, a cor-
rection for multiple comparisons (Bonferroni-Holm) was
performed and the post-hoc tests are available for consulta-
tion at https://zenodo.org/record/1157196#. WmZ1K6jiY2w
(open-access repository).

All individual factors have a significant effect on the FPR,
FNR, and AUC (while this is not the case for all the interac-
tions). In the following, we show a graphical depiction of
the means of the four-way interaction factor (L_INV METH
X EST_TYPE x SNR x DIP_POS) for each investigated
performance measure.

False Positive Rate

Figure 3 shows means obtained for the FPR for differ-
ent levels of SNR (y) and dipole positions when specific

METH), the connectivity estimator (EST_TYPE), the SNR, and the
position of the fixed dipoles (DIP_POS)

Factors FPR FNR AUC

L_INV METH (1,99) 8569 p=1x1073 70.04  p=1x107° 39.66 p=1x107°
EST_TYPE (1,99) 16946 p=1x107° 504  p=0.027 16166  p=1x1073
SNR (2,198) 303.87 p=1x107° 67.94  p=1x107 50281 p=1x1073
DIP_POS (3,297) 8815 p=1x107° 60.97 p=1x107 121341  p=1x1073
L_INV METH x EST_TYPE (1,99) 1693 p=0.8x107* 783  p=0.006 13.64 p=03x10"*
L_INV METH x SNR (2,198) 3031 p=1x1073 104.005 p=1x1073 141  p=025
EST_TYPE X SNR (2,198) 88.09 p=1x1073 291  p=0.056 8452 p=1x107°
DIP_POS x L_INV METH (3,297) 7742 p=1x1073 88.14  p=1x107 1299 p=1x1073
EST_TYPE x DIP_POS (3,297) 270.61 p=1x107> 279  p=0.04 22833 p=1x107°
DIP_POS x SNR (6,594) 80.26 p=1x107 92.6 p=1x1073 57.88 p=1x107
L_INV METHXEST_TYPE X SNR (2,198) 4252 p=1x107° 635  p=0.002 2663 p=1x107"
L_INV METH x EST_TYPE x DIP_POS (3,297) 3722 p=1x107° 3.14  p=0.025 3707 p=1x107°
L_INV METH x SNR x DIP_POS (6,594) 1342 p=1x107° 783 p=1x107> 4713  p=1x107
EST_TYPE X SNR x DIP_POS (6,594) 2.83 p=0.01 038  p=0.89 248 p=0.022
L_INV METH x EST_TYPE x SNR x DIP_POS (6,594) 67.86 p=1x1073 538  p=02x107"* 73.68 p=1x1073

In the column “Factors”, the degrees of freedom are also reported
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algorithms for the inverse solution and connectivity esti-
mation are employed.

These graphs show how the two different inverse meth-
ods and the location of the fixed dipoles influence the
amount of false positive connections when the estimation
is performed with different connectivity estimation algo-
rithms for different levels of SNR.

Connectivity Estimator As expected, we found that the
amount of false positive decreases when the connectivity
pattern is extracted by means of TRGC. FPR associated
with the TRGC is significantly lower (Tukey test) with
respect to the other method independently of the dipoles
position, the SNR level, and to the inverse algorithm (see
all of the subplots).

Inverse Algorithm For each panel, we can compare the
performance associated with the different inverse solutions
comparing the two subplots. Regardless of the SNR, the
LCMV algorithm (on the right) for source reconstruction
has globally better performance than eLORETA (on the
left) for all of the three SNR values. The post hoc analysis
reveals a significant increase of the FPR for eLORETA,
compared to LCMYV, in all of the considered conditions of
SNR, dipoles position, and connectivity estimator. Only
in the most advantageous configuration, when y is equal to
0.9, indicating high SNR, and the linked dipoles are in the
Far/Superficial configuration, such difference is not signif-
icant. In the worst case, corresponding to the Close/Deep
configuration, the FPR is considerably high, especially
for the eLORETA reconstruction, where it exceeds 70%,
and the difference between the performances of the two
inverse methods appears to be emphasized.

Fixed Dipoles Position It is worth to note how perfor-
mance critically depends on the position of the fixed
dipoles. Independently of the employed inverse algorithm
and connectivity estimator, the ANOVA suggested that
when they are located deep in the brain the number of
false positives significantly increases. When the fixed
dipoles are superficial and y is equal 0.7, the relative dis-
tance (close/far) does not have a significant influence on
the FPR. For the highest SNR levels, the ANOVA high-
lighted a significant increase of the FPR comparing the
“superficial” conditions with the “deep” conditions and,
in particular for eLORETA, suggesting that the optimal
configuration for the source reconstruction is given by far
and superficial dipoles. For the very low SNR value of
0.5, for all the L_INV METH and EST_TYPE levels, the
statistical test revealed a significant decrease of FPR in the
CloselSuperficial case relative to the Far/Superficial case.
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Fig.3 Means associated with the four-way interaction factor (L_INV
METH X EST_TYPE X SNR x DIP_POS) of the ANOVA performed
on the FPR. Each panel corresponds to a specific value of the SNR
parameter y: 0.5 (a), 0.7 (b), 0.9 (c). For each panel, there are two
graphs associated with the two different inverse solutions: eLORETA
on the left and LCMV on the right. X-axes report the four levels of
the factor DIP_POS: far/superficial (FS), close/superficial (CS), far/
deep (FD) and close/deep (CD). Colours code for the different con-
nectivity estimators and whiskers represent 95% confidence intervals
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SNR In all considered conditions, the test indicates a sig-
nificant improvement of performance when the simulated
SNR is higher. In more in detail, when the SNR level is
0.9, the amount of false positives is less than 30% in all
cases except for the Deep/Close condition. The analysis
of FPR suggests that the best combination of factors is
given, for all of the considered SNR levels, by: (i) dipoles
located superficial in the brain and not too close; (ii)
LCMV as algorithm for the inverse problem solution, and
(iii)) TRGC as connectivity estimator. Only in this case the
percentage of false positives reached low values (around
10% for SNR equal to 0.9).

False Negative Rate

The graphs in Fig. 4 depict the means of the four-way inter-
action factor (L_INV METH X EST_TYPE x SNR x DIP_
POS) obtained for the FNR index.

The percentage of false negatives is less than 5% in all
simulated cases, except for the lowest SNR level (y equal to
0.5) when LCMYV is employed. In the easier condition with
a higher signal to noise ratio and interacting dipoles that are
not deep and close at the same time, the FNR is around 1%
regardless of the chosen connectivity estimator.

Connectivity Estimator The factor EST_TYPE does not
have a significant effect on the FNR index independently of
all the other factors (SNR value, type of algorithm chosen
for the source reconstruction, and connectivity estimation):
the difference between the connectivity estimators never
exceeds 1%. Also, the slight increase of false negatives (see
eLORETA) associated with the TRGC is not statistically
significant in this case.

Inverse Algorithm The percentage of FN obtained with the
two inverse methods is strictly linked to the dipoles’ posi-
tion. Results reported in panel (a) show that for y equal
to 0.5, FNR significantly increases for LCMV only when
the dipoles are located deep in the brain (accounting for
an increase of 20% in the close/deep condition). Panel
(b) shows a similar but attenuated trend for y equal to 0.7
(increase of less than 5% in the close/Deep condition).
As shown in panel (c), there are no significant differences
between LCMV and eLORETA for the highest SNR value.

Fixed Dipoles Position The factor DIP_POS is significant
for low and medium SNR values and L_INV METH cor-
responding to LCMV. In such conditions, for deep dipoles,
the FNR is significantly higher, regardless the connectivity
estimator. Moreover, focusing on the deep locations, there is
a significant increase of the false negatives when the dipoles
are close compared to when they are further away.
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Fig.4 Means associated with the four-way interaction factor (L_INV
METH x EST_TYPE x SNR x DIP_POS) of the ANOVA performed
on the FNR. Each panel corresponds to a specific y level: 0.5 (a), 0.7
(b), 0.9 (c). For each panel, there are two graphs associated with the
two different inverse solutions: eLORETA on the left and LCMV on
the right. X-axes always show the four levels of the factor DIP_POS:
far/superficial (FS), close/superficial (CS), far/deep (FD) and close/
deep (CD). Colours code for the different connectivity estimators and
whiskers represent 95% confidence intervals
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SNR The signal-to-noise ratio associated with the three lev-
els of the factor SNR significantly influences the presence
of false negatives only when the inverse problem is solved
by the LCMV algorithm. This is particularly the case for
the condition close/deep, in which the FNR decreases from
20% when y is equal to 0.5 (panel a) to 4% when y is equal to
0.7 (panel b), and to 1% for the highest SNR level (panel c).

This suggests that the amount of false negatives is inde-
pendent of the algorithm employed for solving the inverse
problem and for the connectivity estimation when the
dipoles are located superficially in the brain. In case of poor
signal quality (low SNR), the FNR is considerable when the
sources to be reconstructed are located deep in the brain.
Algorithms that are more prone to missing connections are
LCMV for source reconstruction and TRGC as connectivity
estimation.

AUC

The graphs in Fig. 5 depict the means of the four-way
interaction factor (L_INV METH x EST_TYPE x SNR
x DIP_POS) obtained for the AUC parameter. The AUC
index hereby summarizes the effect of the four considered
factors on the accuracy of the estimation in terms of false
positives and false negatives, providing a unifying measure
of the discriminability of actually present and non-existent
connections.

Connectivity Estimator As expected from the previous
results concerning the FPR trend, the accuracy of the esti-
mation considerably increases when performed by means of
TRGC. The increase of the performances associated with
TRGC is statistically significant and amounts to about 10%.

Inverse Algorithm On average, the difference between
LCMV and eLORETA is not significant, but there are
combinations of the factors for which either of the two
performed better. The main discrimination is given by the
linked dipoles position. When the sources are located deep
in the brain (especially if they are also close), the accuracy
of the connectivity estimation appears significantly higher
when LCMV is employed to reconstruct the brain activity.
Once again, the only exception is the low SNR setting, in
which this relationship is reversed because LCMV is more
sensitive to the SNR level compared to the eLORETA algo-
rithm, which shows more stable performance (for example,
in the close/deep condition, the range of variability is less
than 0.1 for eLORETA and more than 0.2 for LCMV).

Fixed Dipoles Position Independent of the employed inverse
algorithm and connectivity estimator, the accuracy of the
estimation significantly decreases when the linked dipoles
are located deep in the brain. For higher SNR levels, the
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Fig.5 Means associated with the four-way interaction factor (L_INV
METH x EST_TYPE x SNR x DIP_POS) of the ANOVA performed
on the AUC. Each panel corresponds to a specific y level: 0.5 (a), 0.7
(b), 0.9 (¢). In each panel, there are two graphs associated with the
two different inverse solution: LCMV on the left and eLORETA on
the right. X-axes report the four levels of the factor DIP_POS: far/
superficial (FS), close/superficial (CS), far/deep (FD) and close/deep
(CD). Colours code for the different connectivity estimators and
whiskers represent 95% confidence intervals

@ Springer



668

Brain Topography (2019) 32:655-674

ANOVA highlights a performance degradation in terms
of the AUC dropping from 90% (Far/Superficial) to 70%
(CloselDeep).

SNR As expected, the performance significantly improves in
all considered conditions when the simulated SNR is high.
More specifically, when the SNR level is 0.9, the accuracy
is higher than 85% for eLORETA and higher than 90% for
LCMV in all the cases except for the Deep/Close condition.

Brain Maps
Non-interacting Dipole Position

As mentioned before, in each simulated condition, the mov-
ing dipole changes its position over 1004 locations equally
distributed in the brain. In order to map the performance of
the two connectivity estimators for each investigated source
reconstruction algorithm and each position of the fixed
dipoles, MVGC and TRGC were computed considering all
1004 possible configurations of the network. Since each
simulation was iterated 100 times, we were able to obtain
an average performance value. Only the maps depicting the
FPR are reported because of the greater sensitivity of this
indicator to the factors considered in the analysis. Is it also
possible to consult the same brain maps obtained for the
AUC in the supplementary material; they show the same
behaviour of the FPR but in a smaller range of variability.
For each choice of fixed dipoles position and inverse method
we report transparent axial views of the head and the value
assumed by the performance parameter (coded by its color)
in the position of the moving dipole associated with that
measure. Figure 6 reports the results obtained for the lowest
SNR level, when y is equal to 0.5.

The percentage of false positives depends on the distance
of the non-interacting dipole from the two fixed ones. The
most relevant result is that when the fixed dipoles are located
deep in the brain and close to each other (panel d), high
FPR values are spread across the whole brain, and reach
100% in the vicinity of the sender and receiver. Only TRGC
combined with the LCMV algorithm mitigates this effect,
which is then limited to the configurations in which the
non-interacting dipole is close to the other two. Panels (a),
(b), and (c) clearly show a strong increase of the FPR when
the non-interacting dipole is located in the areas close to
the receiver or to the sender. Similar maps displaying the
results obtained for y equal to 0.7 and 0.9 are reported in the
supplementary material. These results confirm the trends
commented for the previous maps but with globally bet-
ter performances. The FPR considerably increases around
the fixed dipoles. This phenomenon is focal when LCMV
is employed and more spread-out if eELORETA is combined
with the MVGC estimator. Again, when the fixed dipoles are
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located deep in the brain and close to each other, high FPR
values are spread across the whole brain and reach 100% in
the vicinity of receiver and sender. Maps associated with all
the other fixed dipoles positions show that when the sources
included in the model are far one from the other, the best
performance is obtained with eLORETA. In more detail,
Fig. 7 shows the value of the FPR as function of the distance
of the moving dipole from the sender for all SNR values,
inverse algorithms, and connectivity estimators in the case
of far and superficial interactive sources.

The results suggest that TRGC performs better than
MVGC regardless of the distance of the moving dipole
from the sender. LCMV source reconstruction is less sensi-
tive to the distance between dipoles. For example, in panel
(a), an increase of the FPR 14 cm away from the sender is
noticeable. This second peak is related to the presence of
the second interacting dipole (receiver). When the LCMV
algorithm is employed such increase is much less evident.
The trends are similar for all y levels, although higher FPRs
are observed for lower SNRs. For high SNR, the best perfor-
mance is achieved with eLORETA when the moving dipole
is far from the other two.

Interactive Dipole Position

The last analysis was performed using a fixed location for
the non-interacting and sender dipoles, placing the receiver
dipole at different positions. The results are in line with the
previous ones. Figure 8 depicts topographical maps for the
low SNR level (in the supplementary material for medium
and high SNR levels), while Fig. 9 depicts FPR as a function
of the distance between receiver and sender.

When the fixed dipoles are close (panels b and d), a high
percentage of false positives appear throughout the brain,
in particular for low and medium level of SNR. All other
results are in line with the results reported above:

e the increase of the y value corresponds to a decrease in
the number of false positives independently of all other
factors;

e on average, LCMV performed better than eLORETA.
This advantage is predominantly due to an increased
robustness w.r.t. the position of the nodes;

e TRGC provided more accurate connectivity estimates
than MVGC;

e when the involved dipoles are far away from another,
eLORETA leads to more accurate connectivity estima-
tion, and the difference between the classical MVGC and
TRGC is less pronounced than in the other conditions;

e with the dipoles in the far/superficial configuration, and
y equal to 0.9, the percentage of false positives is less
than 10% for all the inverse solutions and connectivity
algorithms;
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Fig.6 Spatial distribution of MVGC
the FPR in the moving non-

interacting dipole condition for

low SNR (y=0.5). The sender eLORETA

(red circle) and receiver (purple
circle) of the interaction are
represented in the far-superficial
(a), close superficial (b), far-
deep (c), and close-deep (d)
conditions. The other points
represent the mean value of

the FPR across 100 iterations
(coded by the colour bar on the
right side) when the third active
dipole (the non-interacting

one) is moved across the brain.
The first two columns refer (b)
to the classical GC (MVGC
algorithm); the last two to the
TRGC. For each column, results
obtained with eLORETA and
LCMV are reported next to each
other

e with the dipoles in the close/deep configuration, the per-
centage of false positives reaches 100% regardless of the
SNR value.

Figure 9 shows the FPR as function of the distance
between sender and receiver for all SNR values, inverse
algorithms, and connectivity estimators, when the fixed
dipoles are in the far/superficial configuration.

The first result is that the mean value of the FPR is lower
than for the non-interacting moving dipole condition. Also, in
this case, TRGC performed better than MVGC regardless of
the distance of the moving receiver dipole from the sender. In
panel (a) it is possible to notice an increase of the FPR when

TRGC

eLORETA

LCMV

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2

0.1

the receiver dipole is 14 cm away from the sender dipole (this
being the position of the non-interacting dipole). Trends are
similar for all the y levels, where, generally, decreases in SNR
are associated with increases in FPR. For high SNR, the best
performance is achieved using eLORETA when the moving
dipole is far away from the other two (FPR around 5%).

Discussion and Conclusion
It is well established that neuroelectrical measures recorded

on the scalp need to be projected back into the brain in order
to be able to infer where these signals have been generated.
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Fig.7 FPR as function of the distance (in cm) of the non-interacting
moving dipole from the sender of the interaction for the two inverse
reconstruction algorithms, eLORETA and LCMV. The different
SNR levels are drawn in red (high), light blue (medium) and dark
blue (low). The circle marker codes for MVGC and the cross for the
TRGC

Unfortunately, even with state-of-the-art localization of the
brain sources underlying the measured signals, directed
dynamical influences between these reconstructed sources
do not always reflect the ground truth. This issue has been
anticipated (de Steen et al. 2016; Haufe et al. 2013; Brun-
ner et al. 2016), thoroughly analysed (Palva et al. 2018) and
mitigation strategies were proposed (Biscay et al. 2018;
Wang et al. 2017). In the present simulation study, we
focused on directional connectivity measures and quanti-
fied the extent to which the estimation of influences between
reconstructed sources is possible. We employed an analysis
framework combining source localization approaches and
brain connectivity estimators with the goal of identifying
those analysis pipelines that are least affected by the pres-
ence of head volume conduction and, therefore, provide the
most accurate and reliable connectivity estimates. Several
settings were simulated corresponding to both advantageous

@ Springer

and disadvantageous conditions for the following brain con-
nectivity estimation. To this end, we modulated the depth of
the sources, the reciprocal distance between sources, and the
SNR (brain noise level). Conscious of the fact that more than
three sources are likely involved in a more realistic simula-
tion of brain activity, making the issue even thornier, here
we wanted to present a minimal set of situations allowing for
a first glimpse of the possible modulations of the bias in con-
nectivity estimates, and the extent to which some proposed
solutions allow their mitigation. Importantly, it should be
noted that we evaluate sources at known locations and show
that even in this case a bias can be present. Estimating the
source locations is more realistic but also makes the objec-
tive performance evaluation much more difficult. In other
words, this study does not help in selecting the sources or
the ROISs for the subsequent connectivity estimation (which
is another critical issue) but helps in the definition of some
criteria to be taken into account during this choice: the depth
of the ROIs and their reciprocal distance. Not surprisingly,
a convenient condition we identified is the presence of far
and superficial dipoles in combination with a high SNR;
in contrast, a disadvantageous condition is given by the
presence of close and deep sources with a low SNR level.
Our simulations suggest that all considered factors show a
significant influence on the estimation quality and, conse-
quently, their combination has a considerable impact on the
connectivity estimation performance. LCMV source recon-
struction appears to be more sensitive to the SNR value,
while eLORETA achieves similar performance regardless of
the SNR. In general, LCMV showed better performance than
eLORETA but, when the simulated sources were assigned
to distant locations, the eLORETA performance is similar
to or better than the performance of LCMV. In other words,
there are combinations of the factors for which either of the
two performed better.

In agreement with the theoretical hypothesis, we demon-
strated that the TRGC algorithm provides a better estimation
of the directed statistical dependencies between sources than
classical MVGC. Indeed, the percentage of spurious con-
nections decreased significantly, and the overall detection of
connectivity as measured by the AUC increased significantly
in all considered experimental conditions when TRGC was
used instead of MVGC. At the same time, the percentage
of missed connections as measured by the FNR increased
slightly, but still remained close to zero. As expected, we
found that closer and deeper active sources decreased the
obtained performance. Thus, a dependence between the
dipoles position and the accuracy of the estimates was found
and mapped. This is a clear effect of the volume conduction,
since, when two sources are close to each other, they gener-
ate a highly mixed signal on the scalp, which compromises
the correct estimation even after inverse source reconstruc-
tion. On the other hand, when the sources are far away from
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eLORETA

(b)

3
)
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Fig.8 Spatial distribution of the FPR in the moving receiver dipole
condition for low SNR (y=0.5). The sender (red circle) and non-
interacting dipole (black circle) are represented in the far-superficial
(a), close superficial (b), far-deep (c), and close-deep (d) conditions.
The other points represent the mean value of the FPR across 100

each other, they are less affected by volume conduction,
leading to a better quality of the connectivity estimation.
Summarizing, the analysis of the FPR and AUC indices
suggests that the optimal combination of factors is given
by: (i) dipoles located superficial in the brain and not too

0.9
0.8
0.7
0.6
0.5
04
0.3
02

0.1

iterations (coded by the colour bar on the right side) when the third
active dipole (the receiver) is moved throughout the brain. The first
two columns refer to the classical GC (MVGC algorithm); the last
two to the TRGC. For each column, results obtained with eLORETA
and LCMYV are reported next to each other

close; (ii) LCMV and eLORETA algorithms show similar
performance when the active sources are far and superficial
but LCMV is more accurate when the sources are located
deep in the brain (when SNR is not too low); (iii) TRGC as
connectivity estimator. Without providing an indication of

@ Springer
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Fig.9 FPR as function of the distance (in cm) of the moving receiver
from the sender for the two inverse reconstruction algorithms, eLO-
RETA and LCMV. The different SNR levels are drawn in red (high),
light blue (medium), and dark blue (low). The circle marker codes for
MVGC and the cross for the TRGC

the specific ROIs to choose, this study can still provide some
guidance on certain issues, such as the minimum distance for
which it makes sense to include two distinct sources in the
model as well as the selection of source reconstruction and
connectivity estimation algorithms that promise to provide
the most reliable and physiologically interpretable descrip-
tion of brain networks based on EEG data. In the future,
it would be interesting to test other important factors that
could influence the quality of the source reconstruction and,
thus, the estimation accuracy such as the number of inter-
active dipoles, their orientation, the dependency from the
coupling strength and the inclusion of a differently defined
SNR allowing deep source to have a different strength with
respect to the superficial ones.

We agree with Pascual-Marqui et al. (2017), Palva et al.
(2018), advocating for the application of measures for
which promises and pitfalls are known, and which inte-
grated knowledge of how neural activity in the whole brain
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as well as external (physiological or artifactual) activity
contribute to the signals that we record on the scalp. In this
regard, it should be noted that connectivity estimates can
only at most be as focal as the reconstructed source current
densities they are derived from, and we know that common
inverse methods lead to very blurry results. To distinguish
correctly-identified connections from connections that are
observed in the vicinity of the true interacting sources due
to blurry inverse solutions, a data-driven clustering in the
space of brain-wide pairwise connectivities, as recently
proposed in (Wang et al. 2017), may be a viable option,
which may be preferable to a reduction of the source space
to the level of static ROIs. Many other solutions for reduc-
ing the spurious links detection have been proposed and
are currently being studied, as the leakage correction pro-
cedures (Hipp et al. 2012; Colclough et al. 2015; Brookes
et al. 2012; Pascual-Marqui et al. 2017; Biscay et al. 2018)
and the adaptive parcellation (Farahibozorg et al. 2018;
Gonzalez-Moreira et al. 2018). Unfortunately, the perfect
solution to address the spurious links problem still does
not exist, since a transformation (e.g. parametrized by a
linear demixing matrix) designed to remove a single type
of dependency does not (in general) automatically remove
all other possible dependencies (e.g. non-linear or lagged).
For these reasons we decided to investigate, apart from
the classical GC, an approach (the TRGC) for which the-
oretical guarantees exist, and we demonstrate that these
theoretical results lead to improvements in practice not
only when estimating connectivity on sensors (Haufe et al.
2013) but also in source space. The proposed framework
will hopefully be useful for further validation of exist-
ing unmixing tools and upcoming ones combined with the
causal connectivity estimates.

However, it must be kept in mind that—although of
importance—the main problem in EEG-based brain connec-
tivity analysis is not the spatial blur of correctly identified
connections but the emergence of spurious connectivity as
a result of observing mixtures of signals even at the level of
reconstructed sources. This problem can only be addressed
by using appropriate and validated connectivity measures
that are robust to volume conduction effects by construction.

Data Availability The code necessary to reproduce these simulations
is available at: https://github.com/paolop21/simulation_source_con-
nectivity. Simulations were run in parallel on the HPC platform of the
University of Ghent, with a running time depending on the available
nodes on the network. An iteration of the simulation on a Dell Inspiron
5567, intel 17, 16 GB RAM takes 2.4 s. The computational resources
(Stevin Supercomputer Infrastructure) and services used in this work
were provided by the VSC (Flemish Super-computer Center), funded
by Ghent University, FWO and the Flemish Government—department
EWI. The results of the simulations and the structures necessary to
run the code are available at: https://zenodo.org/record/1157196#.
WmZ1K6jiY2w.
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