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ABSTRACT

Fluctuations in functional interactions between brain regions typically occur at the millisecond time
scale. Conventional connectivity metrics are not adequately time-resolved to detect such fast
fluctuations in functional connectivity. At the same time, attempts to use conventional metrics in a
time-resolved manner usually come with the selection of sliding windows of fixed arbitrary length. In
the current work, we evaluated the use of high temporal resolution metrics of functional connectivity
in conjunction with non-negative tensor factorisation to detect fast fluctuations in connectivity and
temporally evolving subnetworks. To this end, we used the phase difference derivative and wavelet
coherence, and we also introduced a new metric, the instantaneous amplitude correlation. In order to
deal with the inherently noisy nature of magnetoencephalography data and large datasets, we make
use of recurrence plots and we used pair-wise orthogonalisation to avoid spurious estimates of
functional connectivity due to signal leakage. Firstly, metrics were evaluated in the context of
dynamically coupled neural mass models in the presence and absence of delays and also compared to
conventional static metrics with fixed sliding windows. Simulations showed that these high temporal
resolution metrics outperformed conventional static connectivity metrics. Secondly, the sensitivity of
the metrics to fluctuations in connectivity was analysed in post-movement beta rebound
magnetoencephalography data, which showed time locked sensorimotor subnetworks that
modulated with the beta rebound. Finally, sensitivity of the metrics was evaluated in resting-state
magnetoencephalography, showing similar spatial patterns across metrics, thereby indicating the
robustness of the current analysis. The current methods can be applied in cognitive experiments that
involve fast modulations in connectivity in relation to cognition. In addition, these methods could also
be used as input to temporal graph analysis to further characterise the rapid fluctuation in brain
network topology.
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INTRODUCTION

Large-scale functional interactions in the brain are assumed to be reflected in statistical
interdependencies between time-series of neuronal activity (Friston et al. 1996), which can be
quantified by magnetoencephalography (MEG) and electroencephalography (EEG). These functional
interactions (functional connectivity, FC) are characterized by non-trivial spatiotemporal patterns in
MEG/EEG data, which have so far predominantly been treated in a ‘static connectivity’ sense, i.e.
interactions are estimated over relatively large time windows, typically on the order of seconds for
MEG/EEG and tens of seconds for functional Magnetic Resonance Imaging (fMRI) (Hutchison et al.
2013; O’Neill et al. 2017). However, recent studies have shown that the brain operates at several
timescales, including at fast timescales, which is reflected in strong fluctuations of both neuronal
activity and neuronal interactions (Baker et al. 2014; Vidaurre et al. 2016; O’Neill et al. 2017a; Vidaurre
et al. 2017; de Pasquale et al. 2017; O’Neill et al. 2017b). There is evidence that neuronal interactions
appear in so-called dynamic cell assemblies that form and dissolve over time (Breakspear et al. 2004;
Varela et al. 2001). By collapsing neuronal interactions over time, potentially crucial information about
how large cell assemblies (sub-networks) emerge and dissolve is missed. Furthermore, recent studies
have demonstrated that taking into account the temporal domain of oscillations or neuronal
interactions may give better insight into abnormal brain function in neurological diseases (Carbo et al.
2017; Kim et al. 2017; Watanabe and Rees 2017; Sitnikova et al. 2018; Stam et al. 2005). Therefore,
there is a pressing need to take into account the dynamics of functional interactions to obtain a
complete picture of brain function in the healthy brain, as well as in neurological disorders.

Analysis of the dynamics of functional interactions has especially been of interest in the field of fMRI
(Hansen et al. 2015; Griffa et al. 2017; Preti et al. 2017). Here, sliding window or point process
approaches are often used to quantify fluctuations in functional connectivity (Allen et al. 2014).
However, the limited temporal resolution of fMRI means that only fluctuations in the order of seconds
can be detected and that the duration of the data acquisition should be sufficiently long in order to
detect any non-stationary process (Hindriks et al. 2016). The superior temporal resolution of MEG and
EEG is an advantage over fMRI, particularly when studying temporal fluctuations of connectivity.
Studies on dynamic connectivity with MEG have indeed shown that functional networks can emerge
and dissolve on a millisecond time-scale (Brookes et al. 2018; Vidaurre et al. 2018), but also fluctuate
in the order of seconds (O’Neill et al. 2017). Some earlier EEG studies pointed out that functional
interactions may even be scale-free (Stam and De Bruin 2004; Van de Ville et al. 2010)

However, most of the metrics of functional connectivity currently used in MEG/EEG require relatively
large numbers of samples (Colclough et al. 2016; Fraschini et al. 2016), i.e. a time-window of certain
length is required. Estimates of dynamic FC can then only be obtained using a (fixed) sliding window
approach, which means that dynamics on faster or slower time-scales may be missed and, practically,
a window-length needs to be defined a-priori. Furthermore, recent work has shown that the time
scales of network formation and dissolution is continuously fluctuating during a MEG recording (Baker
et al. 2014; Vidaurre et al. 2016; Vidaurre et al. 2018; Ldpez et al. 2019), and thus a fixed sliding
window approach may not be the best approach to capture the underlying temporal evolution of
connectivity.

An alternative to fixed sliding window approaches in conjunction with conventional connectivity
metrics is to employ metrics of functional connectivity that have a high temporal resolution. Here, we
introduce a new metric, which is derived from the often used amplitude envelope correlation metric



(Brookes et al. 2011; Hipp et al. 2012). The assumption is that if two neuronal populations show
periods with simultaneous increases in power, then these periods could serve as windows that
promote connectivity. Recent work has demonstrated that there is a tendency for simultaneous
increases in power to coincide with increases in phase-based connectivity between two regions
(Tewarie et al. 2018; Vidaurre et al. 2018). This metric is referred to as instantaneous amplitude
correlation (IAC) and is an addition to other metrics with high temporal resolution such as the phase
difference derivative (Breakspear et al. 2004), wavelet coherence (Grinsted et al. 2004), and the
synchronisation likelihood (Stam and Van Dijk 2002). All these metrics provide information on
connectivity at a high temporal resolution. However, the use of metrics with high temporal resolution
also typically comes with the disadvantage of low signal to noise ratio (SNR). This is naturally the result
of using insufficient time points to base the estimate on. A recently introduced approach solves this
by using a Hidden Markov Model with multivariate autoregressive observation model (HMM-MAR).
This identifies a finite set of states, with each state having distinct spectral and cross-spectral
properties, allowing for data to be pooled over repeated state visits (i.e. effectively using data driven
time windows) and thereby providing a wealth of time-points for the MAR to be estimated for each
state (Vidaurre et al. 2016, 2017; 2018).

An alternative way to mitigate the effects of having insufficient time points is to use recurrence plots,
a well-known method in the analysis of nonlinear dynamics (Eckmann et al. 1987; Deco et al. 2017). A
recurrence plot reveals the times at which the phase space trajectory of a dynamical system visits
roughly the same area in phase space during its evolution (analogous to states in HMM-based
approaches). This can be used in the context of neuronal oscillations to provide data driven windows
during which the system is in the same states. These windows can then be fed into connectivity
analysis to potentially reduce the effect of noise, i.e. data driven windows are used to temporally
aggregate sample by sample connectivity data. The resulting connectivity tensors, containing the
estimates of dynamic FC, can be used for temporal graph analysis (Holme and Saramaki 2012) and for
the extraction of temporally evolving subnetworks (Khambhati et al. 2018).

In the current paper we analyse how well high temporal resolution metrics of functional connectivity,
including our new metric IAC, can detect genuine modulations in functional connectivity. This is done
both with, and without, the use of recurrence plots. The manuscript is divided into two parts. Given a
lack of ground truth in empirical MEG data, we first make use of parameterised connected neural mass
models to generate simulated dynamic functional connectivity data. We use this model to test how
sensitive the different approaches are to detect modulations in functional connectivity for short and
longer state durations. We evaluate these metrics also in comparison to conventional metrics using a
fixed sliding window approach. We then analyse how this sensitivity is affected by various levels of
signal-to-noise ratio of the simulated data. In part two, we illustrate how the use of high temporal
resolution metrics of functional connectivity can be applied to detect fluctuations of connectivity
during the well-known post-movement beta rebound, as previous studies have demonstrated that the
beta rebound co-occurs with an increase in connectivity (Vidaurre et al. 2016; Tewarie et al. 2018).
This is followed by an analysis of resting-state data where we assess the use of data driven windows
based on recurrence plots, and the subsequent extraction of temporally evolving subnetworks using
non-negative tensor factorisation.



THEORY

High temporal resolution measures of functional connectivity

We employed three different metrics of instantaneous functional connectivity: The phase difference
derivative (Breakspear et al. 2004), the wavelet coherence (Grinsted et al. 2004) and the
instantaneous amplitude correlation.

The phase difference derivative (PDD) is a measure that captures the stability of phase relationships
between two time-series. We extracted the instantaneous phase of each signal as ¢;(t) =
atan(J [A;(®)]/R[A;(t)]), where A;(t), the analytic signal, was obtained using the Hilbert
transform. The unwrapped phases were used for subsequent analysis. For each pair of signals i and j,
it is assumed that there is phase-locking, i.e. a functional interaction, when the phase difference
remains approximately constant over time, and hence when the derivative of the phase difference is
approximately zero, mathematically
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where Ag;; refers to the instantaneous phase difference between signals i and j, |X]| refers to the
absolute value of X. We can then define a representation of dynamic phase connectivity for each pair
of time-series using the following expression
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where the use of the decaying exponential ensures that the outcome is bounded between one and

dA(Pij(t)|
dt

zero, and where | ~ 0 corresponds to a pdd value of one, and a pdd value approaching zero

corresponds to no coupling. Note that we have used an exponential decay function rather than an
arbitrary threshold in our previous work (Tewarie et al. 2018)

The wavelet coherence (WC) can be considered as a localised correlation coefficient in time frequency
space. Any mother wavelet can be used for this purpose. However, similar to the original paper
(Grinsted et al. 2004), we use the Morlet wavelet. First, the wavelet transform of a time-series
(xp,m =1,...,N) is computed with a uniform time step 6t by a convolution with the scaled and
normalised wavelet ¢,
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The temporal scale of the wavelet is characterized by the scale parameter, s. For our purpose, the
scales that matches the frequency bands of interests are used. The wavelet power is subsequently
given by |W,X(s)|?, while the cross wavelet transform of the two time-series x,, and y,, can be
computed as WXY¥ = WXWY*, where * refers to the complex conjugate. From here, the wavelet

coherence follows

IS(s~tw XY ()|
S(s‘1|W,{((s)|2)-S(s‘1|W}{(s)|2)'

WCYY (s) = (4)



where S is a scale smoothing operator (see Equation 9 and 10 in (Grinsted et al. 2004) and also
(Torrence and Compo 1998)). The time dependent wavelet coherence is subsequently averaged across
scales (within a frequency band of interest).

The instantaneous amplitude correlation (IAC) metric is based on one of the intrinsic modes of
functional connectivity (Engel et al. 2013), i.e. amplitude envelope correlation. If two regions show
high amplitudes simultaneously, this can drive up the correlation between the two amplitude
envelopes. The Hadamard product between the two amplitude envelope time-series could thus be
used as an instantaneous measure of functional connectivity:

IACU(t) = Ei(t) o Ej(t), (5)

where o represents the Hadamard product. The hat symbol in Equation 5 indicates that the amplitude
envelopes, E{t), have been normalized to Z-scores. Note that this metric is not sensitive to interactions
that are due to negative correlations between the signals’ amplitude envelopes.

None of the above metrics are intrinsically insensitive to the effects of signal leakage (spatial blurring
in source space reconstructions that leads to significant spurious correlations between regional time-
series). We therefore used pairwise orthogonalisation to reduce leakage effects (Brookes et al. 2016)
after band-pass frequency filtering (delta (1-4Hz), theta (4-8Hz), alpha (8-13Hz), beta (13-30Hz),
gamma (30-48Hz)).

Data driven windows based on recurrence plots of the amplitude envelopes

To handle large datasets (i.e. handle computational limitations) and to mitigate the effect of noisy
estimates of connectivity, or to temporally aggregate connectivity data, one can use recurrence plots
to define data driven windows for dynamic connectivity estimation. The emergence and dissolution
of states in dynamical systems can be characterized by these recurrence plots (Marwan et al. 2007;
Eckmann et al. 1987). More specifically, recurrence plots reveal the times at which the phase space
trajectory of a dynamical system visits roughly the same area in phase space during its evolution
(analogous to states in HMM models (Vidaurre et al. 2016, 2017,2018)). These recurrences are usually
identified by

Rij = 0(8 = ||z: — ), (6)

where i and j refer to two time points, z; to the trajectory at time i, © to the Heaviside function and §
to an arbitrary threshold, which is required to quantify how close two points on a trajectory should be
to be assigned to the same state. The recurrence at i and j tells how similar the trajectories are at
these different times. The state trajectory z; can be reconstructed from a single nodal time-series x
by making use of time delayed embedding (Marwan et al. 2007). An alternative is to reconstruct z;
where every element correspond to a value of the regional time-series at time i. In case of M regional
time-series, z; would have dimensions M x 1. In order to avoid the use of an arbitrary choice for the
threshold §, we use Spearman correlation instead of the norm in equation 6, such that the recurrence
between iandjbecomes R;; = corr(zl-, zj). These adapted recurrence plots are then used to identify
points in time where the system undergoes a transition to another state by computing the derivatives
(gradients) of the recurrence matrix R (Figure 1). Local maxima in this gradient matrix along the
diagonal reveal transitions between subsequent states, which can be used as boundary points for data
driven windows. Note that these states are periods of time with similar amplitude envelopes profiles
across the brain, i.e. similarity in phase space trajectories, and do not necessarily indicate connectivity



states by itself. The only constraint is that the minimum distance between local maxima is at least one
oscillation (and is therefore depended on the frequency band of interest). Here we opted for the
amplitude envelopes across all time-series as state vectors since these modulate on a slower time
scale than the phases and show more variability in the patterns of their recurrence plots than the
phases (see Figure S1). Specifically, in our case we estimated connectivity with one of the three
different metrics described above on a sample-by-sample basis and subsequently pooled connectivity
within a single window by averaging the sample-by-sample connectivity within that data driven
window. Note that for any of the metrics, the data driven windows that were used to aggregate the
connectivity data were based on the recurrence plots of the amplitude envelopes. A schematic
overview of this approach is given in Figure 1. Note that we do not use recurrence plots computed
after estimation of dynamic functional connectivity data as in (Cabral et al. 2017), but rather use
recurrence plots based on the amplitudes envelopes as input to inform dynamic connectivity
estimation.
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Figure 1 Data driven windows: Panel A shows an example set of time-series and their respective amplitude envelopes. The
amplitude envelopes at a single point in time i form a vector x;. Thus every element in this vector corresponds to an amplitude
envelope value from one time-series (i.e. brain location). The correlation of x; with a vector from another point in time x;
quantifies the similarity between amplitude envelopes across regions for two different time points. Repeating this for all
possible combinations of i and j results in the recurrence matrix in panel B. Blocks around the diagonal can be observed in the
recurrence matrix, which can be considered as periods in time with temporary stable amplitude envelopes (states). These
states can be used as data driven windows for which FC can be averaged, in order to reduce the effect of noise. Also note the
off-diagonal blocks with high values that repeat within a row (or column) in the recurrence matrix. These indicate stable
states that re-occur over time.



METHODS

Datasets

We used data from two different datasets. A trial based and a continuously recorded dataset were
used as separate proof for the new methods. We used a self-paced motor dataset to test our metrics,
since our previous work has demonstrated that the PDD was sensitive and robust to detect
connectivity patterns related to unilateral self-paced button press responses and modulated on the
same time scale as the post-movement beta rebound (Tewarie et al. 2018). In the current work, we
were interested in the performance of other metrics in comparison to the previously observed PDD
connectivity results, and whether these other methods could identify modulations of connectivity
occurring at the same timescale. At the same time, connectivity metrics are widely applied to resting
state data. Here we opted to use data from the human connectome project given its large number of
included subjects, and since it was recorded from another centre and scanner.

1. Dataset one was acquired at the Sir Peter Mansfield Imaging Centre, University of Nottingham.
15 healthy volunteers (9 male, age 25 + 4 years (mean and standard deviation)) took partin a
self-paced motor task (O’Neill et al. 2015; O’Neill et al. 2017b; Tewarie et al. 2018).
Participants were in supine position in the MEG system and were instructed to press a button
with the index finger of their left hand, approximately once every 30 seconds but without
counting during the periods between button presses. Data were recorded for 25 minutes
giving an average of 34 button presses (trials). Button presses were recorded by a button
response pad. Single trials were defined as 30s in length, 15 seconds before each button press
and 15 seconds after.

2. Dataset two was obtained from the human connectome project (HCP) (Van Essen et al. 2013).
Data from 89 subjects as part of the HCP MEG2 release (Larson-Prior et al., 2013) were used.
Initially, 95 subjects were included in the release, but six resting-state recordings did not pass
the quality control checks (which included tests for excessive SQUID jumps, sensible power
spectra and correlations between sensors). All subjects were young (22—-35 years of age) and
healthy.

MEG data acquisition and pre-processing

For dataset one, MEG data were acquired using the third order synthetic gradiometer configuration
of a 275 channel CTF MEG system (MISL, Coquitlam, Canada), at a sampling rate of 600Hz and using a
150Hz low pass anti-aliasing filter. Three coils were attached to the participant’s head as fiducial
markers at the nasion, left and right preauricular points. These coils were energised continuously
throughout acquisition to allow localisation of the head relative to the geometry of the MEG sensor
array. Before MEG acquisition, the surface of the participant’s head was digitised relative to the three
coils, using a 3D digitiser (Polhemus Inc., Vermont). Subsequent surface matching of the digitised head
shape to an equivalent head shape extracted from an anatomical magnetic resonance image (acquired
using a 3T or 7T MRI scanner running an MPRAGE sequence with a resolution of 1mm?3) allowed
coregistration of brain anatomy to MEG sensor geometry. Following collection, MEG data were
inspected for artefacts and trials containing excessive interference were removed. Trials in which the
participant was found to have moved more than 7 mm from their starting position were also removed.

For dataset two, resting-state MEG recordings were collected on a whole-head Magnes 3600 scanner
(4D Neuroimaging, San Diego, CA, USA). Resting-state measurements were taken in three consecutive



sessions for each subject with little or no break in between, for 6 min each. The data were provided
already pre-processed, after passing through a pipeline that removed artefactual segments of time
from the recordings, identified recording channels that were faulty, and regressed out artefacts that
appeared as independent components in an ICA decomposition with clear artefactual temporal
signatures (such as eye-blinks or cardiac interference). Sensor-space data were down-sampled from
509 Hz to 300 Hz to facilitate processing, with the application of a zero-phase anti-aliasing filter (see
(Larson-Prior et al. 2013) for details of pre-processing steps).

MEG: Source Localisation

For dataset one, an atlas-based beamforming approach was adopted to project MEG sensor level data
into source-space (Hillebrand et al. 2012). The cortex was parcellated into 78 individual regions of
interest according to the automated anatomical labelling (AAL) atlas (Tzourio-Mazoyer et al. 2002).
This was done by registering each subject’s anatomical MRI to an MNI template using a linear
transformation (Flirt v5.5 FSL (Smith et al. 2004)) and labelling all cortical voxels according to the 78
cortical ROIs (Gong et al. 2009). Subsequently, the inverse registration to anatomical subject space
was performed. A scalar beamformer (Robinson 1999) was employed to generate a single signal
representative of electrophysiological activity within each of these AAL regions. To achieve this, for
each region the centroid voxel was determined and the beamformer estimated time-series of
electrical activity was derived for every centroid voxel (Hillebrand et al. 2016). Covariance was
computed within a 1-150 Hz frequency window and a time window spanning the whole experiment
(excluding bad trials) (Brookes et al. 2008). Regularisation was applied to the data covariance matrix
using the Tikhonov method with a regularisation parameter equal to 5% of the maximum eigenvalue
of the unregularised covariance matrix. The forward model was based upon a dipole approximation
(Sarvas 1987) and a multiple local sphere head model (Huang et al. 1999) fitted to the MRI scalp
surface extracted from the co-registered MRI. Dipole orientation was determined using a non-linear
search for optimum ‘signal to noise ratio’ (SNR) (Robinson 1999), where SNR here is defined in terms
of the pseudo Z-statistic. We applied depth normalization by normalizing the weights by D =

m, where G is the covariance matrix of the sensor data and / the lead fields (Sekihara and
Nagarajan 2008). This complete process resulted in 78 electrophysiological time-series, each
representative of a separate AAL region. This approach was applied to each subject individually.

For dataset two, the same atlas-based beamforming approach was used, with the only difference that
for dataset two we used the pre-computed single-shell source models that were provided by the HCP
(Nolte 2003) for the estimation of the lead fields. This dataset and the beamforming pipeline has also
been described in (Tewarie et al. 2018a).

Parameterised neural mass model

Given the lack of a ground truth in empirical data, we employed a coupled two nodes Jansen and Rit
neural mass model to serve as ground truth. Each node consists of an excitatory population, an
inhibitory population, and a pyramidal population whose activity mimics the MEG/EEG signal (Jansen
and Rit 1995). We coupled the output of the pyramidal populations to each other, informed by a
structural coupling parameter k. Simulations were fed with a Gaussian white-noise process and
equations were solved using a stochastic Heun’s integration scheme with a time step of 1x10™.
Parameters were the same as used in (Grimbert and Faugeras 2006). A working point near the Hopf
bifurcation may be more realistic for MEG simulations (Tewarie et al. 2018; Deco et al. 2017), but in
this case, the noise can make the system switch, in an unpredictable way, from the linear regime to



the limit cycle regime or vice versa. Therefore, the working point for the simulations was chosen to be
in the limit cycle regime, i.e. a working point well after the Hopf bifurcation. The rationale for such a
working point is its predictable behaviour. See Figure 2E for the system’s bifurcation diagram, which
was computed using the XPPAUT software (Ermentrout 2002). Subsequently, instead of using a fixed
value for the coupling parameter k, we fed the simulations with a time-series of k, with the values for
k alternating between 0 and 0.7 (i.e. reflecting uncoupled and coupled states, respectively). The non-
zero coupling value was sufficiently large for phase locking to occur. The state lifetimes were drawn
from a gamma distribution. State durations were subsequently obtained by tuning the scale and shape
parameters for the gamma distribution. This resulted in a controllable system for dynamic functional
connectivity (see Figure 2). Adding noise to the data in a realistic way was done as in (Lobier et al.
2014). SNR was defined as SNR = 20log,oVs/yn, Where y, is the mean amplitude of the neural mass
signal and y,, the mean amplitude of the noise. Noise signals S,(t) were obtained by a uniform phase
randomisation of the original neural mass signal Sj(t). These noise signals were subsequently added to
the original signal as S, (t) = S;j(t) + ¢S,(t), where ¢ = 1075V”/2°, Simulations were performed in
Matlab 2015a using in-house scripts.
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Figure 2 Parameterised neural mass model: Panel A shows an example of a short section of a time-series for the two nodes.
Panel B shows the fluctuations of the structural coupling k, which will serve as ground truth for the dynamic connectivity
metrics. Panel C shows the phases for the two nodes, from which it can be seen that there is phase locking during the states
of non-zero coupling and unlocking when the nodes are uncoupled. Panel D shows the power spectrum for one of the nodes,
and panel E shows the bifurcation diagram for the two node system. Y1 corresponds to the amplitude of the first excitatory
population and P to the external input to the populations, serving here as bifurcation parameter. The red and black line
correspond to the linear regime or fixed points (red corresponds to a stable fixed point and black to an unstable fixed point),



whereas the green curve shows the limit cycle regime. The transition point beyond P =100 is the Hopf bifurcation. Simulations
were performed for P=200 (i.e. well after the Hopf bifurcation).

Extracting time evolving subnetworks using non-negative tensor factorisation

Similar to (Ponce-Alvarez et al. 2015) we extracted time evolving subnetworks with non-negative
tensor factorisation. This method can be considered as a higher order principal component analysis
and decomposes a third order tensor into a set of basis vectors (Bro 1997; Gauvin et al. 2014)

T=ZIL=1al><bl><Cl. (6)

Here X corresponds to the outer product, and a;, b; and c; correspond to basis vectors of component
| and have dimensions N (network size) and t (number of time points). In other words, the outer
product of a; and b; reflects the connectivity patterns characterised by the time-series c¢;. The
factorisation of tensor T is found by solving the optimisation problem min, g ¢||T — Ta s c|| , with the
constraints of non-negativity of the first two basis vectors (ay, by), and orthogonality of the last
vectors ¢ (where T, . is the approximation of T4 sc). The N-way toolbox (version 1.8) in Matlab was
used for this analysis (Andersson and Bro 2000). Note that the input to the non-negative tensor
factorisation can either be the sample by sample time-series of functional connectivity values
(‘connectivity tensor'), or temporally downsampled (aggregated) time-series of connectivity values
obtained from the data-driven windowing based on the recurrence plots (‘temporally downsampled
connectivity tensor'). Lastly, we selected the number of components, L, based on the goodness-of-fit
(F(1)) reaching a plateau level (F(I) =1 — ||T — TA,B,C(I)||/||T||). This was determined by finding the
maximum of DF (1) = [F(l) — F(Il — 1)]/F (I + 1) (Timmerman and Kiers 2000). Since non-negative
tensor factorisation is non-deterministic, optimisation could be sensitive to local minima. Hence, we
also analysed the stability of obtained components (see Figure S2).

Analysis steps

The analyses were divided into three parts. We first performed simulations in which estimated
connectivity fluctuations were analysed in the context of a ground truth. This was followed by
application of the connectivity metrics to empirical data, both for task-based data and resting-state
data. Code can be found on Github (https://github.com/Prejaas/High-temporal-resolution-MEG-
measures-of-functional-connectivity).

Part 1: Performance of dynamic FC metrics for simulated data with known ground truth and
comparison to conventional metrics. Simulated data were generated by two coupled neural mass
models with a time-series for structural coupling k. This time-series is a binary time-series that
fluctuates between zero and a non-zero coupling value (e.g. k=0.7). In the first analysis we tuned the
duration for which k is non-zero (state life times) by changing the scale parameter of the gamma
distribution such that the sensitivity of the high temporal resolution FC metrics for different state
durations could be analysed. This was done in the absence and presence of conduction delays (10ms)
in the coupling between the neural masses. We also evaluated and compared the high temporal
resolution metrics to conventional phase- and amplitude based connectivity metrics during this
analysis, i.e. the amplitude envelope correlation (AEC) (Brookes et al. 2011; Hipp et al. 2012), the
phase locking value (PLV) (Lachaux et al. 1999), the phase lag index (PLI) (Stam et al. 2007), and the
coherence (COH) (Nunez et al. 1997). We used a fixed sliding window approach where the size of the
window width equalled the mean state duration for that particular iteration and with windows
overlapping 50% in time. Since there was a dimension mismatch between the underlying ground truth
connectivity timecourses and data from the conventional metrics (pooling data within a window to


https://github.com/Prejaas/High-temporal-resolution-MEG-measures-of-functional-connectivity
https://github.com/Prejaas/High-temporal-resolution-MEG-measures-of-functional-connectivity

one value), we interpolated the conventional connectivity estimates using a cubic spline interpolation.
Since Implementation of the metrics was identical to (Liuzzi et al. 2017). As a second step, we analysed
how well the metrics could detect genuine fluctuations in functional connectivity with an increase of
the noise level (i.e. lowering the signal-to-noise ratio (SNR)). Spearman correlation between the
ground truth (time-series of k) and the estimated functional connectivity modulations was used as
outcome measure.

Part 2: Performance of dynamic FC metrics during post-movement beta rebound. We evaluated the
high temporal resolution connectivity metrics during the post-movement beta rebound. We expected
to see beta rebound related connectivity modulations for the different metrics, which has already
been demonstrated for the phase difference in (Tewarie et al. 2018). Connectivity timecourses for the
right sensorimotor cortex in the beta band were reconstructed (i.e. spatial average of connectivity
between the right sensorimotor cortex and all other cortical regions). In addition, we also extracted
subnetworks based on non-negative tensor factorisation. This was performed without the use of
recurrence plots, since there was no need to temporally pool the data into data driven windows since
a priori trials were defined as the time from 15 seconds before each button press to 15 seconds after
the button press.

Part 3: Performance of dynamic FC metrics in resting-state data. To evaluate the high temporal
resolution metrics of connectivity in conjunction with recurrence plots and non-negative tensor
factorisation in resting-state MEG data we followed a two-step approach. Firstly, we estimated sample
by sample connectivity by the different connectivity metrics to obtain connectivity tensors. This was
followed by a non-negative tensor factorisation to extract temporal subnetworks from the full
connectivity tensors (without the use of recurrence plots). It is important to point out that this analysis
could not be conducted on the whole datasets for practical/computational reasons. We were only
able to use 5% of the data using this analysis (i.e. 5% of total seconds of clean data of all subjects), due
to working memory capacity on our linux machines. Note that the full connectivity tensor would be of
size no.regions x no.regions x (sample frequency x total seconds clean data x subjects). Secondly, we
estimated sample by sample connectivity using the different metrics and then used data driven
windows obtained from recurrence plots of the amplitude envelopes to temporally aggregate the
connectivity data (same procedure for all FC metrics). Since this led to a large reduction in the
dimensions of the connectivity tensor (i.e. the temporal dimension reduces from “total seconds of
clean data” to “number of states”) all of the data could be used. Subsequently, the temporally
aggregated connectivity tensor was fed into non-negative tensor factorisation, resulting in spatial
patterns of connected subnetworks and the temporal fluctuations of these subnetworks. The
similarity between the subnetworks as obtained with the different connectivity metrics was quantified
using Spearman correlation.

Lastly, we also evaluated whether the extracted spatial patterns of dynamic subnetworks could be
obtained by functional connectivity timecourses based on surrogate data with the same covariance
matrix. In other words, we tested the null hypothesis that spatial patterns of dynamic subnetworks
could be extracted from noisy estimates of static networks. We constructed surrogate datasets using
a uniform phase randomization procedure (Prichard and Theiler, 1994) in which the phase of the 78
regional timecourses were randomized using the same sequence of random numbers for every region
(hence, maintaining the same covariance structure as for the original data, i.e., preserving static
connectivity). Data analysis for the surrogate data was performed in the same way as for the genuine
data. We subsequently estimated the number of components L from surrogate data by estimating the
plateau of F(l) (see previous section) and created a null-distribution L with 1000 surrogates. The
number of components from L the empirical data was tested against the null-distribution. In this way



we test the null-hypothesis that the surrogate data with same static connectivity contains similar
spatiotemporal richness of the data as the empirical data.



RESULTS

Part 1: Performance of dynamic FC metrics for simulated data with known ground truth and
comparison to conventional metrics

First, we tuned the scale parameter of the gamma distribution to obtain different mean state
durations for the coupling time-series k (see Figure 2B). For every scale parameter we simulated 30
iterations of neural mass signals, and for each iteration, we simulated a different time-series for k. All
sample by sample connectivity time-series were estimated from these coupled neural mass time-
series. Connectivity time-series for all three metrics were correlated with the ground truth of k using
the Spearman correlation coefficient (R). This was also done for conventional phase- and amplitude
based conventional metrics. In the absence of delays and for all metrics, we see a monotonically
increasing R-curve that almost saturates for relatively longer state durations (Figure 3A). The IAC and
WC perform slightly better than PDD in terms of capturing the underlying time-series of k (ground
truth), resulting in higher Spearman correlations with the ground truth. All the three high temporal
resolution clearly outperformed the conventional metrics in terms of identifying the underlying
ground truth. The low correlation of the ground truth for PLI in the case of no delay is naturally the
result of zero lag connectivity. The same analysis was repeated in the presence of conduction delays
(Figure 3B). Simulations show again a monotonically increasing curve of R with increasing mean state
durations, with an improvement for especially the PDD. Again the high temporal resolution metrics
outperform the conventional connectivity metrics. The correlation of the PLI with the ground truth is
now unequal to zero, given the appearance of non-zero lag connectivity in the case of no delays.
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Figure 3 connectivity estimates versus ground truth in the absence and presence of delays: Panel A shows in the absence
of delays, for each metric, the Spearman correlation between the ground truth modulation of coupling k and the estimated



functional connectivity time-series for different mean state durations. Panel B shows the same for simulations where
conduction delays were included. Panel C and D shows the performance of the metrics for different levels of SNR (dB), with a
fixed mean state duration of 500 ms. IAC = instantaneous amplitude correlation, PDD = phase difference derivative, WC =
wavelet coherence, AEC = amplitude envelope correlation, PLV = phase locking value, PLI = phase lag index, COH = coherence.
Note the saturation of the curves at shorter mean state durations in both conditions (panel A and B) and at lower SNR (panel
Cand D) for IAC and WC compared to PDD. Shaded areas correspond to the standard deviation of the data.

We subsequently assessed the ability of the high temporal resolution metrics to detect genuine
fluctuations in connectivity for different SNRs of the data generated by the coupled neural masses.
Figure 3C and D show the Spearman correlation between the ground truth modulation of coupling k
and the estimated functional connectivity time-series as a function of SNR. Simulations were
performed for a mean state duration of 500ms. The correlations seem to reach a plateau at an SNR
of around 10 dB for the IAC and WC. For the PDD this plateau is reached for an SNR above 15 dB.
Furthermore, the use of delays did not affect the results much.

Part 2: Performance of dynamic FC metrics during post-movement beta rebound

We used a self-paced motor task to probe the sensitivity of the different connectivity metrics to
capture post-movement related changes in beta band connectivity. Figure 4A shows the z-scores of
connectivity time-series for the sensorimotor cortex in the beta band (i.e. average connectivity
between the right sensorimotor cortex and all other regions, and averaged across subjects). It can be
seen that both the PDD and IAC show time locked modulations in connectivity related to the unilateral
self-paced button press responses (time zero corresponds to the button press). There is an increase
in connectivity during the post-movement beta rebound (or event related synchronisation). This is less
apparent for the wavelet coherence. The IAC shows in addition a decrease in connectivity during the
beta desynchronization period (just before the button press). The IAC closely follows the power
modulation in the sensorimotor cortex in the beta band that has been shown in previous works (see
Figure 2 in (Tewarie et al. 2018b)).

We applied the non-negative tensor factorisation to the connectivity tensors (i.e. not restricting the
analysis to the sensorimotor cortex). Results for the IAC show a spatial component that resembles the
sensorimotor network (IAC component 2; Figure 4B, D), which showed time-locked modulations
related to the self-paced button presses (Figure 4C) with a decrease in connectivity during the event
related desynchronisation and increased connectivity during the post-movement beta rebound. The
second component connects left and right parieto-temporal regions (Figure 4B, D) and shows the
opposite temporal modulation (Figure 4C) with a decrease in connectivity during the post-movement
beta rebound. The WC does not show any spatial component that modulates with the beta rebound,
nor does it reveal any clear sensorimotor component or subnetwork. In contrast, WC shows
components that are spatially similar to components extracted from resting-state data (see Figures 5-
7). Lastly, the first component for the PDD shows spatial signatures of a sensorimotor network, which
modulates with the beta rebound. Another PDD component with left centralised sensorimotor
connections (component 2), does not show clear modulations during the beta rebound period.
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Figure 4 Post-movement beta rebound related changes in connectivity: Panel A shows the group averaged time-frequency
spectrogram of the self-paced motor task. Panel B shows connectivity time-series during the beta rebound for the
sensorimotor cortex. Time-series correspond to averaged pairwise connectivity between all regions and the sensorimotor
cortex, also averaged across subjects. Panel D shows brain plots of spatial components (a; X by, obtained from the non-
negative tensor factorization of the connectivity tensors (from the full timecourse data rather than from recurrence plot driven
windows). Panel C shows their related timecourses (c;) and panel E shows the spatial components as matrix representation
(ay X by). IAC = instantaneous amplitude correlation, PDD = phase difference derivative, WC = wavelet coherence, comp =
component.

Part 3: Performance of dynamic FC metrics in resting-state data

We first used the high temporal resolution connectivity metrics to obtain high resolution connectivity
tensors, i.e. tensors that were not temporally downsampled (no pooling of data) using recurrence plot
driven windows. Note that only a fraction of the total data could be used due to computational
limitations (see methods section: Analysis steps). Results for the alpha band for IAC (Figure 5A) show
a predominantly frontal network (IAC first component), a predominantly occipital network (IAC second
component), a left and right dominant network (IAC third and fourth component), a subnetwork in
the midline (IAC fifth component) and a sensorimotor network (IAC sixth component). Since the
connectivity matrices are symmetric for any given time point, the matrix (a; X by) is symmetric. The
outcome of the non-negative tensor factorisation also revealed that connectivity modulations in the
alpha band for all these six components modulate between 0-6Hz with a similar spectral profile (Figure
5B). Results for WC show to some extent similar components (Figure 5C), such as left and right
dominant networks, an occipital network, a frontal network and a sensorimotor network (albeit



localised more to the contralateral side), but also some other less clear-cut components, such as WC
component 1. The similarity between the spatial pattern (a; X bj) of the components IAC and WC
are depicted in the first row of Figure 5G, which shows the maximum correlation of IAC component n
with any of the other component of WC. Maximum correlation refers to the observation that IAC
component 4 has its equivalence with WC component 6 and not with, for example, WC component 4.
Thus, the maximum correlation between IAC component 4 and the WC components is obtained for
WC component 6. Results for the PDD shows the same picture, some components are spatially very
similar to the IAC and WC based components, whereas others are different (e.g. IAC component 5
compared to all other WC components). The fluctuations for the temporal parts of the PDD obtained
components are comparable to the fluctuations for the IAC and WC obtained components (compare
Figures 5B, D, and F).

Resting state: high temporal resolution metrics with non-negative tensor factorisation with recurrence plots
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Figure 5 Resting-state dynamic networks without making use of recurrence plots: Panel A, C and E show the spatial patterns
(ay X by) of the subnetworks in the alpha band. Panel B, D and F the power spectral density for the different components
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derivative, WC = wavelet coherence, comp. = component.



Since making use of only a fraction of the data is suboptimal, we also made use of recurrence plots to
temporally aggregate the data by making use of data-driven windows (i.e. based on recurrence plots).
Figure 6A, B and C show the spatial components of the subnetworks for the different metrics. Note
that for all metrics similar networks were obtained as for the analysis without recurrence plots (Figures
5A, C, E). However, making use of the recurrence plots also resulted in some differences, such as the
appearance of two frontal networks for IAC in the recurrence based analysis, compared to one frontal
network for IAC in the previous analysis, and an alteration from two frontal networks for the PDD in
the previous analysis to one frontal network in the recurrence based analysis. However, the
comparison between the two analyses (with and without making use of recurrence plots) is also
influenced by the fact that less data was used for the previous analysis. Figure 6D shows the
distribution of the length of the data driven windows. The smallest window size was similar to the
length of an alpha oscillation (8-13Hz) (this was used as constraint for determining block length for
the recurrence plots). Although we did extract the temporal evolution of the subnetworks using non-
negative tensor factorisation, we did not compute the spectral power of these timecourses, since each
sample in this timecourse corresponds to a segment of a certain (variable) duration in the original
data. In addition, note that the maximum correlation between the spatial components obtained with
the different metrics (Figure 6E) was higher than for the case were no recurrence plots were used
(Figure 5G). We subsequently found that the number of components L from empirical data exceeded
the number of components from surrogate data, L from the data was significant while testing against
a null distribution (Figure S3; p = 0.009). Spatial components and the distribution of the length of data
driven windows for the other frequency bands are shown in Figure S4. Results show that very similar
spatial components can be extracted from the different frequency bands (also compared to the results
obtained from the alpha band shown in Figure 6), with few components that were frequency specific.



Resting state: high temporal resolution metrics with non-negative tensor factorisation with recurrence plots
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DISCUSSION

Understanding the formation and dissolution of temporal electrophysiological networks is believed to
be crucial to understand ongoing cognitive function. However, capturing temporal fluctuations in
functional connectivity adds another level of difficulty to connectivity analysis. Since it has been
argued that neuronal oscillatory dynamics, as well as fluctuations in connectivity, can be characterised
by scale-freeness (Stam et al., 2004; Linkenkaer-Hansen et al. 2001), there is a need to move beyond
conventional fixed sliding window analyses. By using a fixed window an arbitrary scale is selected that
is not necessary representative of the data. Here, we used one new (IAC) and two existing (WC and
PDD) measures of functional connectivity with high temporal resolution in conjunction with non-
negative tensor factorisation to extract time evolving subnetworks. Recurrence plots allowed us to
pool connectivity data within states and thus enhancing the SNR of connectivity and reducing
computational costs. We first demonstrated using simulations with a given ground truth that these
metrics are able to extract fluctuations of connectivity in the order of milliseconds and outperform
conventional phase- and amplitude based static connectivity metrics using a fixed sliding window
approach. The use of these metrics was further illustrated in a self-paced motor task and in resting-
state MEG data. IAC and PDD revealed time evolving subnetworks that co-occurred with the beta
rebound, and several resting-state subnetworks were found that were remarkably similar across the
different metrics. Recurrence plots could be used without concern to distort the connectivity data as
subnetworks obtained from recurrence based analysis were quite similar to obtained subnetworks
without the use of recurrence plots.

The difficulty with evaluating connectivity metrics using empirical MEG data is the lack of a ground
truth. We therefore turned to simulations with a ground truth using a parameterised coupled neural
mass model. Our simulations showed that all metrics were better in capturing the ground truth of the
underlying connectivity timecourse than conventional phase- and amplitude based static connectivity
metrics, due to the fact that these metrics were not sufficiently time resolved. While keeping in mind
that simulations in general never form a complete picture of empirical data, these results could inform
us that for the range in which we tested these metrics (60-800ms), these metrics may be applied to
experimental data for the extraction of temporally evolving connectivity, knowing that any observed
dynamical functional connectivity is likely not merely the result of static connectivity superimposed
by some noise. This includes the newly introduced metric, the IAC. However, performance declined
for shorter state durations (shorter than 100-50ms; see Figures 2A,B) and therefore one should be
more cautious when using these metrics for analysis in when experimental observed state durations
are below this range (e.g. gamma band in resting-sate, see Figure S4G). Another issue that can be
analysed with simulations is the sensitivity of these metrics to detect genuine fluctuations of
connectivity in the presence of noise. The problem with empirical MEG data is that we are not able to
directly infer the level of noise from the data. Noise in this context is a mixture of environmental,
instrumentational and biological noise. While quantification of the two latter is not always trivial, one
can easily determine environmental noise from empty room recordings. By only using the latter
(Lobier et al. 2014) quantified the apparent SNR (ignoring the other components) and showed that
the apparent SNR lies between 8-17dB, depending on the frequency. Since this might be an
overestimation given the fact that the instrumentational and biological noise were ignored it might
give an indication about the order of the SNR in empirical data. Simulations in our data showed that
for SNR higher than 1 the metrics were capable of distinguishing genuine dynamic connectivity from
noise-driven fluctuations. The purely phase based metric, PDD, was less robust for different levels of



SNR, maybe due to the relatively noisiness of phase data (such as the occurrence of phase jumps). This
may also explain why the PDD was less sensitive to dynamic FC with shorter mean state durations
compared to the other metrics.

We subsequently evaluated the measures of functional connectivity in a self-paced motor task, since
we know from previous studies that the post-movement beta rebound co-occurs with a rapid rise in
connectivity (Vidaurre et al. 2016; Tewarie et al. 2018; Quinn et al. 2018). The use of PDD in
conjunction with statistical testing using surrogate data was previously evaluated in the motor task
(Tewarie et al. 2018), however, the other two metrics had not yet been evaluated in this context. In
addition to the PDD, only the IAC was able to track a rise in connectivity during the beta rebound. One
could however argue that a rise in IAC is trivial during this task given that it is completely driven by the
beta rebound. However, extraction of subnetworks using non-negative tensor factorisation did show
a clear sensorimotor network for the IAC that was modulating with a decrease in connectivity during
event related synchronisation as well as increase in connectivity during the post-movement beta
rebound (IAC component two in Figure 3C). The spatial components for IAC further showed features
that may resemble motor fields (MFs) and motor evokked fields (MEFs) (Mayville et al. 2005; Suzuki
et al. 2013). The WC was the only metric that was not able to extract meaninful task-related
subnetworks and none of the subnetworks modulated with the beta rebound. However, WC did show
subnetworks with spatial structure similar to resting-state obtained subnetworks. This could indicate
that WC is less sensitive to fast fluctuations in connectivity, although this was not shown by the
simulations. We expected that the wavelet coherence would be able to detect fluctuations in both
phase- and amplitude-based coupling. The lower sensitivity of wavelet coherence to fast fluctuations
could be related to the fact that, unlike the other metrics, the temporal resolution of WC is limited by
the width of the mother wavelet.

Finally, we tracked temporally evolving subnetworks in resting-state data. Results for analysis without
recurrence plots show spatial patterns of functional connectivity fluctuating on temporal time-scales
that were restricted by the frequencies of the oscillatory activity. In contrast to task-based data, one
of the important findings for resting-state data was that spatial patterns obtained from different
metrics were fairly similar. The reason for this discrepancy between task based and resting-state
dynamic connectivity is unclear, but this also known from static connectivity analysis. For example,
(Colclough et al. 2016) showed that connectivity matrices across metrics can be fairly similar in the
static connectivity sense for resting-state data, whereas for cognitive tasks the results for static
connectivity can be quite different for amplitude- and phase-based metrics (Helfrich et al. 2016).
Having said this, we extracted spatial patterns that were also quite similar to recently described (e.g.
phase locking) subnetworks obtained using an HMM approach (Vidaurre et al. 2018), such as an
occipital-, frontal- and sensorimotor network. In addition, we also found left and right dominant
hemispheric networks.

The use of measures of functional connectivity with high temporal resolution also comes with the
hurdle of low SNR, and the problem of computational limitations with big connectivity tensors. The
latter could be tackled in the future by making use of advanced computer grids with ‘unlimited’
memory and CPU capacity, however this may not be feasible for most of the scientists working in the
(clinical) field. We therefore opted to use recurrence plots to temporally downsample the functional
connectivity data. Results showed subnetworks that were quite similar to the ones extracted without
the use of recurrence plots. Therefore, recurrence plots could be used depending on the scientific



guestion and dataset of interest. When dealing with large groups and datasets, recurrence plots can
be used to allow for computations on the whole dataset without loss of signficant information. It is
also noteworthy that the duration of the states obtained from the recurrence plots match the
frequencies at which the functional connectivity patterns modulate (estimated without the use of
recurrence plots; compare Figure 6D with Figures 5B,D,F). These state durations were also very simlar
to the duration of the HMM states as was found by (Baker et al. 2014). We did observe small
differences between subnetworks obtained with and without the use of recurrence plots though,
which may be explained by differences in SNR of connectivity (i.e. pooling over data) and making use
of less data. By making use of recurrence plots of the amplitude envelope, we also limited ourselves
to the relatively slow scales of the fluctuations of the amplitude envelope, and thereby also potentially
limited ourselves to slower scales of dynamic functional connectivity. However, the current analysis is
just an example of how the general idea of recurrence can be used to define states. Recurrence plot
can also be based on other characteristics of the data (e.g. those with faster dynamics; see also Figures
S1 for the recurrence plot of the phases).

Some other aspects of our methodology are worth mentioning. Firstly, for WC, we chose the Morlet
wavelet as mother wavelet, as was done in the original work (Grinsted et al. 2004). Although beyond
the scope of the current work, the use of other mother wavelets could also be considered or
evaluated,. Secondly, we used non-negative tensor factorisation to extract temporally evolving
subnetworks. Other methods could be used in this context as well, such as independent component
analysis (O’Neill et al. 2017), K-means clustering (O’Neill et al. 2015) and dynamic modularity analysis
(Bassett et al. 2013). However, given the recent literature on this topic and the stability of our results
across runs we opted for non-negative tensor factorisation (Khambhati et al. 2018). Future work will
need to elucidate to what extent these different methods are able to extract similar and/or
complementary subnetworks, as the emphasis of the current work was on the estimation of the
dynamic functional connectivity itself. Related to this point, results showed for some extracted
components a mismatch between the spatial structure as obtained for the different metrics. Future
work could show whether this mismatch was an effect related to the factorisation or due to a
difference in performance of the FC metrics. Fourthly, reconstruction of data driven windows is based
on an assumption that there are fast transitions between amplitude envelope states (also an
assumption for HMM states). This can be observed from the recurrence plots (Figure 1 and Figure S1),
where there is a formation and dissolution of blocks along the diagonal (i.e. blocks correspond to
stationary amplitude envelops during a short period of time). However, the same recurrence plots
also show that there can be periods during which there are no clear of blocks in the matrix, indicating
a smooth evolution of the phase space trajectory. Therefore in brain data, transitions between states
may be fast or slow. Future work will need to formulate a methodological framework that can capture
both transitions in relation to connectivity data. An option is to use high temporal resolution metrics
without the use of recurrence plots. Fifthly, we did not include the synchronisation likelihood metric
in our analysis (Stam and Van Dijk 2002), since it is computational very intensive to compute this
metric on large datasets. Lastly, our simulations were limited by two important factors. We only used
two nodes in our simulations since we were interested in pairwise connectivity (not higher order
coupling). The effect of a common source or secondary leakage cannot be evaluated in this way,
however, multivariate methods exist to reduce secondary leakage (Colclough et al. 2015). In addition,
we did not include a adaptive spatial filter into our analysis, since the goal of the current analysis was
only to test the performance of the connectivity metric, while excluding other sources of error such
as the error introduced by an adaptive spatial filter.



Using simulated and experimental data, we have demonstrated that it was feasible to use measures
of functional connectivity that have high temporal resolution. These measures were sensitive to
genuine fluctuations in functional connectivity and outperformed conventional phase- and amplitude
based metrics using a fixed sliding window approach. Applying these metrics does not require a-priori
defined window widths, leaving the analysis open to study fast fluctuations in connectivity during
cognitive tasks, as well as during a resting-state. Especially the PDD and IAC seemed to be applicable
in this context. Another domain of impact is the field of temporal graph analysis. Until now, temporal
graph analysis in electrophysiology has been restricted by the use of fixed sliding windows, resulting
in suboptimal input to the temporal graph analysis.
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