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ABSTRACT

Tracking how activity or signal perturbations propagate in nervous systems is crucial to understanding interareal communi-
cation in the brain. Current analytical methodologies are not well suited to systematically infer interareal activity propagation
from neural time series recordings. Here, we propose Event-marked Windowed Communication (EWC), a framework to infer
activity propagation between neural elements by tracking the statistical consequence of spontaneous, endogenous regional per-
turbations. EWC tracks the downstream effect of these perturbations by subsampling the neural time series and quantifying
statistical dependences using established functional connectivity measures. We test EWC on simulations of neural dynamics and
demonstrate the retrieval of ground truth motifs of directional signaling, over a range of model configurations. We also show
that EWC can capture activity propagation in a computationally efficient manner by benchmarking it against more advanced FC
estimation methods such as transfer entropy. Lastly, we showcase the utility of EWC to infer whole-brain activity propagation
maps from magnetoencephalography (MEG) recordings. Networks computed using EWC were compared to those inferred using
transfer entropy and were found to be highly correlated (median r=0.81 across subjects). Importantly, our framework is flexible
and can be applied to activity time series captured by diverse functional neuroimaging modalities, opening new avenues for the

study of neural communication.

1 | Introduction

Communication between neural elements—neurons, neural
populations, and grey matter regions, plays a central role in
the functioning of the brain. Understanding the principles
by which signals are dynamically and flexibly transmitted in
networked nervous systems remains an open challenge and
active area of research (Avena-Koenigsberger et al. 2018; Kirst
et al. 2016; Palmigiano et al. 2017). Efforts in this direction

have produced a vast number of models of brain communi-
cation (Avena-Koenigsberger et al. 2018; Hahn et al. 2019;
Seguin et al. 2023b), ranging from information transfer via
neural oscillations (Bonnefond et al. 2017; Fries 2005, 2015;
Hahn et al. 2014; Jensen and Mazaheri 2010) to network mea-
sures of connectome communication (Avena-Koenigsberger
et al. 2019; Goni et al. 2013; Seguin et al. 2018). Despite the
abundance in models, efforts in model validation have been
lacking, and it remains unclear which models faithfully
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describe empirical patterns of neural dynamics and signaling.
A key barrier to progress in model validation is our current
inability to infer events of signal transmission from record-
ings of neural activity. Current limitations in neuroimaging
technology have seen activity propagation tracing often ap-
plied to smaller controlled stimulation experiments in mi-
croscale neuronal networks (Beggs and Plenz 2003, 2004;
Lerner et al. 2016). Its application at the whole-brain scale is
still limited (Griffa et al. 2017; Mitra and Raichle 2016; Shriki
et al. 2013; Sorrentino et al. 2021), although approaches com-
bining existing data to yield robust insights seem to show
promise (Seguin et al. 2023a).

Determining how much of a signal, regional activity, or endog-
enous/exogenous perturbation is transmitted from one region
to another across the underlying anatomical substrate can pro-
vide important insights into the principles of inter-areal com-
munication and help validate existing computational models.
Simply put, how a region “X” communicates with region “Y”
can ideally be ascertained by gauging Y's activity in response
to a perturbation in X. Extending this notion to instances over
time, a series of perturbations of X may lead to a series of coupled
responses in Y, resulting in a statistical dependence between the
regions. Functional Connectivity (FC) can be used as a tool to
assess this dependence. Broadly defined, FC quantifies statis-
tical dependencies in time series of neural activity using mea-
sures such as the Pearson correlation or Mutual Information,
capturing the extent to which the dynamics of two brain regions
are synchronized over a period of time. Early investigations of
FC saw its estimation on time series spanning entire scan dura-
tions, to reveal dominant and robust statistical associations be-
tween regions (Friston et al. 1993). This methodology was later
extended to also capture statistical associations over smaller
timescales within the scan by estimating FCs over subsamples
of a scan typically defined by a sliding window, and termed dy-
namic FC (dFC) to distinguish it from its long timescale “static”
counterpart (Hutchison et al. 2013; O'Neill et al. 2017; Vergara
et al. 2019). Both dynamic and static FC estimation has seen ex-
tensive use in model formulation, validation as well as in ex-
perimental and clinical studies (Bazinet et al. 2021; Chapeton
etal. 2019; Han et al. 2020; Hansen et al. 2015; Lynall et al. 2010;
Palmigiano et al. 2017; Papadopoulos et al. 2020; Schipul
et al. 2011; Schnitzler and Gross 2005; Shafiei et al. 2022; Sudrez
et al. 2020; Vazquez-Rodriguez et al. 2020). However, in systems
exhibiting spontaneous, discrete, and directional signal trans-
mission events, the statistical dependencies reflecting commu-
nication might be diluted or masked by segments of the signal
with no relevance to communication, when static or dynamic
FC estimation methods are employed. Information-theoretical
measures such as Transfer Entropy stand to address this issue,
but are typically data- and computation-heavy for whole-brain
network inference (Novelli and Lizier 2021).

In this work, our aim was to develop an efficient method of
inferring activity propagation patterns by combining the prac-
ticality and efficiency of undirected FC estimation with the dy-
namical resolution afforded by activity propagation tracing. We
term this protocol Event-marked Windowed Communication
(EWC). Specifically, EWC involves identifying salient events
in neural recordings (“stimuli” or perturbations) and the sub-
sequent estimation of the statistical dependence (FC) within

short temporally ordered windows/subsamples of the signal, ef-
fectively capturing the response of downstream targets to these
events. In this manner, EWC captures an indirect statistical an-
alogue of activity propagation as opposed to spatiotemporally
localized stimulation-response measurements. We first validate
and demonstrate the utility of the EWC implementation using a
simple in silico network motif with ground truth signaling em-
bedded in its dynamics. We also show that the EWC approach
allows us to use undirected FC measures to capture directional
interactions. We then study the computational tractability of
the approach by comparing network inference runtimes as a
function of the number of nodes. Finally, we demonstrate a real-
world application of the method on source-localized resting-
state magnetoencephalography (MEG) recordings.

2 | Methods
2.1 | Dataset

Resting state MEG scans of 30 subjects (22-35years, 17F), along
with associated MEG anatomical data, 3T structural MRI data,
and empty-room recordings, were obtained from the Human
Connectome Project (Van Essen et al. 2013), through the
ConnectomeDB platform. The MEG scans varied in duration
from 5 to 6min, at a sampling rate (SR) of 2035Hz, and anti-
aliasing low pass filtered at 400 Hz.

2.2 | Processing

The MEG scans were processed entirely using the MATLAB
(The MathWorks Inc. 2022)-based Brainstorm software (Tadel
et al. 2011), and in accordance with the pipeline described in
Brainstorm's HCP-MEG tutorial (Niso et al. 2019). MEG record-
ings were first coregistered to the subject's structural MRI using
the MEG anatomical data. A notch filter (60, 120, 180, 240, and
300 Hz), followed by high-pass filter (0.3 Hz), was applied to rest-
ing state and empty-room recordings to filter out power-supply
and slow-wave/DC-offset artifacts respectively. Each subject’s
recording was then visually inspected, along with the chan-
nel power spectral density, to weed out bad channels and bad
time segments. The ECG and EOG recordings were then used
to identify heartbeats and eye-blinks, after which associated ar-
tifacts were removed using their signal space projections (SSPs)
(Uusitalo and Ilmoniemi 1997).

The source-level activities at 8000 points, defined by the fsLR4k
mesh, were then estimated from the sensor-level recordings.
This involved first computing the head model using overlapping
spheres and constrained dipoles normal to the cortical surface
and estimating the noise covariance from the empty-room re-
cordings. Source-level activities were then estimated using the
dSPM method (Dale et al. 2000) available in Brainstorm. The
sources were then parcellated using the Schaefer-Yeo 7-network
100 atlas (Schaefer et al. 2018), with the parcel activity computed
as the principal component of the constituent source activities.

The centroid coordinates of the Regions of Interest (ROIs) were
used to define a Euclidean distance (ED) matrix between all pos-
sible pairs of regions (Abeysuriya et al. 2018; Deco et al. 2009;
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Papadopoulos et al. 2020). Inter-regional distances were propor-
tionally converted to time delays (6) as

8;=EDy /v

where v is the conduction velocity (CV) of neural signals, set to
10m /s (Papadopoulos et al. 2020).

Parcellated source-localized resting-state MEG recordings
were corrected for source leakage effects by removing zero-
lag correlations as per (Colclough et al. 2015), using the OHBA
Software Library (OSL) package in Python (Quinn et al. 2023).

2.3 | Estimating Inter-Areal Communication

Inter-areal communication was inferred from the source-
level parcellated time series using two approaches—a con-
ventional FC-based approach, and Event-marked Windowed
Communication (EWC). We use the suffix “-Full” after the FC
measure to indicate a conventional estimation technique, and

“EWC” to indicate our implementation. Prior to estimation,
source-level parcellated time series were first epoched into 10s
segments, epochs that contained bad segments were removed,
and each epoch was then processed independently.

2.31 | ““EWC” Implementation

We developed EWC to quantify functional interactions be-
tween neural elements following discrete signaling events or
perturbations in their activity time series. The EWC protocol
is composed of three main elements: (1) event-identification,
(2) temporal ordering based on conduction delays, and (3)
estimation of the FC between event-marked windows/sub-
samples (Figure 1). Event-identification involves identifying
salient features or instances where activities notably devi-
ate from typical behavior. We did this by z-scoring the data
within an epoch: This helped identify the spread of regional
activities around their respective mean behaviors. For all re-
gions, the timepoints at which the |z| > 3 were identified as
“supra-threshold events” (for brevity, we will refer to them
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FIGURE 1 | A pipeline to estimate communication patterns from regional time series. (A) Regional activities are divided into epochs of fixed
length, and each epoch is processed independently. (B) For each epoch, the regional activities are individually z-scored to identify instances of de-
viation from mean behavior, which are termed “supra-threshold events”. (C) Each region is successively chosen as a “source”. For each event of a
source, a communication window that encompasses the activity over a duration of 1s, is defined starting at the time point of the event. Similar com-
munication windows are defined over the activities of all other regions (termed “targets”), starting at timepoints delayed with respect to the source
event, in proportion to the Euclidean distance between the source and target. (D) For each event for a chosen source, the Event-marked Windowed
Communication (EWC) is estimated between the source and all possible targets by computing the functional connectivity between the activities
contained in the communication windows of the source and target. The past activity of the target is used as the conditioning variable. The pairwise
EWC values over all events of a source (within an epoch) are averaged, to populate a row of the EWC matrix corresponding to the source index. Steps
(B-D) are repeated over all epochs to give epoch-level EWC matrices that capture the dynamic communication patterns over the entire scan duration.
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as “events” for the remainder of this paper). A high z-score
threshold selects significantly strong deviations, or perturba-
tions, which we argued was more likely to cause measurable
downstream effects on the activity of the rest of the brain,
than smaller fluctuations. Finite signal conduction times
would additionally imply that these downstream effects be
delayed. We focused the estimation of inter-areal communica-
tion to a segment of the time series—termed a “communica-
tion window”, spanning a duration of 1s, starting at the event
timepoint for the source, and at a future timepoint for a target
(temporal ordering based on inter-areal distances). Once the
temporally ordered communication windows were defined,
the downstream effect of the signaling event was quantified
by the statistical association between the within-window ac-
tivity time series of the source and target. EWC is flexible and
this association can be computed using various measures of
FC, such as the partial correlation (PC) or conditional Mutual
Information (cMI).

Specifically, following event identification, the following steps
were executed iteratively over all ROIs for each event:

1. A region was chosen as a source, and a window of 1s
was defined starting at the event. Any additional events
that fell within this window were removed and not con-
sidered in the subsequent iterations, to avoid excessive
computation. The window length was chosen to be short
enough to capture the immediate effects of the commu-
nication events and minimize contributions from inter-
nal dynamics.

2. A window of similar length was placed at the time series
of all other ROIs (targets) within the same hemisphere,
at timepoints delayed in proportion to the Euclidean dis-
tance between the source and the target (see Processing).
The 1s length of the window can also accommodate the
effects of source signals travelling at velocities much
slower than 10m /s (used in the calculation of inter-
regional delays).

3. The FC measure (PC, cMI) was computed between all
pairs of the source and target signals within the respec-
tive windows, conditional upon the target's immediate
past activity over the duration of one window, up to the
event. This conditioning was done to remove biases due
to internal dynamics (not associated with communica-
tion). The FC estimates were checked for significance,

with a Bonferroni-corrected threshold of & = ~2 (N«

events

is the total number of events within the epoch), since
we test the correlation multiple times within an epoch.
For p-values above this threshold, the estimates were set
to zero. The final measure is termed the Event-marked
Windowed Communication (EWC).

4. The event-level EWC values from the source to all possible
targets were then averaged to yield the source's epoch-level
EWC.

Once the above steps were completed for all possible sources,
we were left with an epoch-level N x N EWC matrix that cap-
tured the communication between all source-target pairs, av-
eraged over all the events in the epoch. For a given subject

whose scans were divided into M epochs, the communication
protocol yields an N x N x M EWC matrix over the entire scan
duration. This matrix was then averaged across epochs to
give the subject-level EWC matrix. The averaging carried out
across events in an epoch, and then across epochs, minimises
the contribution of spurious FC estimates between source-
target pairs.

2.3.2 | “Full” Implementation

In the conventional approach, the FC was computed in a pair-
wise manner, between all regions, between the entire epoch
time series. Each FC estimate was significance tested with a
threshold of @ = 0.01. Like the EWC implementation, the pair-
wise FC was computed for all epochs, yielding an N X N x M
matrix (for M epochs) over the entire scan duration.

2.4 | Demonstration on a Network Model

In order to identify the merits and limitations of our approach
prior to its application to neuroimaging data, we tested it on
the activities of a four-node system with Linear Stochastic
Model (Galan 2008) dynamics. The dynamics of a node i is
described as:

X,= =X +K Y Cp(t=6;) +oN(0,1)

JjeN

where Cj; is the connectivity strength between nodes i
and j, K is a global coupling parameter (K =1), §; is the
time delay between i and j (proportional to the Euclidean
distance), MN(0,1) denotes random standard normal
noise, and o is the noise amplitude. Three of the nodes
were connected in a linear chain-like topology, and the
fourth node was isolated from the rest of the system:
C1,=Cy =Cp=Csyp=1;C;3=C; =0; C,; =C,, =0 V i € {1,2,3}.

In addition to the LSM dynamics, a Poisson process caused
both the terminal nodes to “pulse” randomly, with an average
frequency v, and with a pulse amplitude of 0.1. This resulted
in the dynamics of the central node to be a mix of its internal
dynamics, and random inputs from the two terminal nodes.
While Poisson spiking is a convenient means of exercising con-
trol over ground-truth signaling, it can result in an inflation of
nodes' mean activities from the “baseline” at high v, due to rapid
fluctuations.

The communication protocol was tested across systematic vari-
ations of ¢, 6,5, and v.

For each set of parameter values, we simulated the dynamics
for 205s, at a sampling rate of 2035Hz, using an Euler integrator.
Epoch duration and communication window durations were set
to 10s and 1s respectively. Twenty trials of each simulation were
carried out.

Communication was inferred using the Full implementation
of Transfer Entropy (TE) and bivariate Granger Causality (GC)
(TE-Full and GC-Full), and EWC implementation of conditional
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Mutual Information (cMI) and Partial Correlation (PC) (c(MI-EWC
and PC-EWC), on the activity time series of all four nodes. We as-
sessed the ability of the tested methods to resolve accurate com-
munication patterns by determining the discernibility of their true
and false connections (with respect to the ground truth) that is,
how different the estimate from 1 — 2 and 3 — 2 (true) is from 4 — 2
(false), and forward and reverse connections that is, 1— 2 versus
2—1. We did this by estimating the standardized contrast, com-
puted as the difference between the relevant estimates, normal-
ized by their pooled standard deviation. A non-zero contrast value
quantifies the discriminability between estimates.

2.5 | Computation Time Benchmarking

To compare the computation times for different protocols as a
function of network size, activity propagation was inferred as
TE-Full, MI-Full, cMI-EWC, and PC-EWC for time-series data
of 200s. To ensure that the estimated computation times were
realistic, the recordings were randomly sampled source local-
ized MEG recordings (see Section 2.2). The following steps were
repeated for a network size N (for 10 trials):

1. N regions are randomly chosen, and the associated re-
gional time series were trimmed to 200s (sampling fre-
quency= 2035Hz).

2. Inter-regional delays were set to 0.015ms.

3. Activity propagation was estimated between all pairs of re-
gions as TE-Full, MI-Full, cMI-EWC, and PC-EWC.

4. Repeat with a new random selection of regions.

2.6 | Partial Correlation

The partial correlation (PC) quantifies the linear association
between two random variables, while discounting the effects of
a third variable. In the EWC implementation, we set the third
variable as the target's past over a single window duration, up to
the timepoint of the event. We compute the PC using MATLAB's
“partialcorr” function. The significance level was settoa = oot
The partial correlation is a continuous function varying from —1
to 1, indicating a perfectly negative to perfectly positive linear
correlation respectively.

2.7 | Conditional Mutual Information

The conditional Mutual Information (cMI) is an information
theoretic measure that quantifies the shared information be-
tween random variables (representing regional activities) in the
context of the activity of some exogenous additional regions (rep-
resented as a conditioning variable). It is a variant of the widely
used Mutual Information (MI) (Hulata et al. 2002; Novelli and
Lizier 2021; Palus 1997; Wilmer et al. 2012).

Given random variables X and Y, containing the activities of two
regions, and a third random variable Z, containing the activity
of a third region (or a set of multiple regions), the cMI is mea-
sured in terms of entropies as:

IX;Y|2)=HX|2)+H(Y|Z)- HX,Y| Z)

where H(X| Z) and H(Y| Z) are the conditional entropies asso-
ciated with variables X and Y, and H(X, Y| Z) is the conditional
joint entropy.

The cMI is a symmetric measure, that varies from 0 when the
two random variables are independent of each other, to co when
they are identical.

The target's past activity was used as the conditional variable to
remove any biases to the measured communication from inter-
nal dynamics.

2.8 | Granger Causality

Granger Causality (GC) is a measure of statistical predictability
that quantifies how well the behavior one variable forecasts an-
other (Bressler and Seth 2011; Granger 1969). Defined in the do-
main of Vector Autoregressive (VAR) processes, the bivariate GC
quantifies the difference in prediction error when a univariate
VAR(p) model is used to model a region X's activity versus when
X's activity is modeled using a bivariate VAR(p) model that in-
cludes the past of another region Y (the “cause”). If the inclusion
of the past of Y results in a better prediction of X's activity than
through X's past alone i.e., if the prediction error when using the
bivariate VAR(p) model is lower than when the univariate model
is used, Y is said to “Granger cause” X. For an accurate and mean-
ingful GC estimate, choosing an optimal lag value for the VAR(p)
processes, p, is essential. For empirical data, this is achieved by
fitting models of increasing lag to the data, estimating an infor-
mation criterion like the Akaike Information Criterion (AIC), and
finding the model order associated with minimal AIC.

For two stochastic and wide sense stationary variables X and Y,
the regression of the values of X onto a univariate and bivariate
VAR(p) model, termed the restricted and unrestricted models, is
given as:

X, =A+X" + ¢, (Restricted)

X, =4 (X7 @ Y ) +e (Unrestricted)
where p is the model order, Xt(f )1 is the vector of past values of
X up to the model order {X, ,,X, ,, ... ,X,_, }, @ represents the
concatenation of vectors, A and A’ contain VAR model coeffi-

cients, and ¢, and £/ are the prediction errors. The bivariate GC
between X and Y is then defined as:

var(g,)

Fy.y=In
a var(e})
Bivariate GC was estimated using the computationally efficient
state-space approach (Barnett and Seth 2015) implemented in
the Multivariate Granger Causality (MVGC) toolbox (Barnett
and Seth 2014). Based on the AIC, the optimal model order
in the network model was chosen as 1, and for the empirical
resting-state MEG recordings, the AIC monotonically reduced
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with increasing model order and plateaued around an order of
50. A more parsimonious model order of 40 (corresponding to a
lag of approx. 19 ms) was then chosen.

2.9 | Transfer Entropy

The Transfer Entropy (TE) is a widely used information-theoretic
measure of directional influences (Kirst et al. 2016; Novelli
et al. 2019; Novelli and Lizier 2021; Palmigiano et al. 2017;
Schreiber 2000; Shorten et al. 2021). Specifically, for two ran-
dom variables X and Y, it quantifies how much uncertainty in
the future of Y (target) is reduced through the knowledge of the
past of X (source), conditional on the past of Y. It is technically
a special case of the cMI, where the shared information is esti-
mated between relatively time-shifted random variables:

TEX—>Y(k’ ls 5) = I(X(l) 5 Yt+l | Yt(k)>

t+1-5

where Xl(l) = {Xt_l_l, ,Xt_l,XI}, and § is the causal delay.
There are multivariate variants of the TE, which also condi-
tion it on other possibly mediating variables. In this work, we
use its simplest form—the bivariate TE. Multivariate forms of
the TE are generally better than other techniques at capturing
ground truth asymmetries but are considerably more data- and
computation-intensive (Novelli and Lizier 2021).

As mentioned above, the TE is a special case of the cMI, because
of which our implementation of the cMI between the source and
target, conditioned on the target's past, is closely related to es-
timating the TE between the regions, albeit within the event-
marked communication windows. This is captured in their
respective formulae:

FUTEy Ly =1(X); Vigsaal Yigs)s t€{1,2, ..., T—6—1}
EWCCMIX—>Y = I(Xe+t—1; Ye+t+6—1| Ye+t+§—win—1)’ te {e’ e+1,... ’Win}

where e is the timepoint of an event, and win is the length of a
window.

We used the Gaussian estimator in the Java Information
Dynamics Toolkit (JIDT) (Lizier 2014) to compute all informa-
tion theoretic quantities. Using the Gaussian estimator allowed
each estimate to be significance-tested analytically from the
x?-distribution. The estimators were run with default proper-
ties, except for the source-destination delay in the TE estimator,
which was changed from the default value of 1, to the Euclidean
distance-based inter-regional delay (see Processing). All infor-
mation theoretic quantities (including the EWC) are measured
in nats.

3 | Results

The analyses of this paper can be divided into three main sec-
tions. First, we tested our method in simulated time series
produced by a simple connectivity motif in which node activ-
ity was governed by Linear Stochastic Model (LSM) dynam-
ics (Figure 2A). The simple dynamical landscape of the LSM

allowed us to impose ground truth signaling between nodes.
We assessed our method's ability to identify these communi-
cation patterns in relation to previously proposed measures of
FC. Second, we estimated the computational costs associated
with the EWC protocol and benchmarked it against commonly
employed FC estimation methodologies. Third, we applied our
method on source localized MEG recordings and gauged the
agreement between activity propagation (FC) inferred via EWC
and bivariate Transfer Entropy.

3.1 | Asymmetric Signaling Over a Network Motif

We tested the EWC protocol in a four-node motif (Figure 2A)
with Linear Stochastic Model (LSM) dynamics and Poisson
spiking to emulate punctual events of directional signaling
(see Section 2). EWC was implemented using two measures of
within-window FC—partial correlation (PC-EWC) and condi-
tional mutual information (cMI-EWC). Note that traditionally,
these are symmetric measures that cannot resolve the direction-
ality of functional interactions. We benchmarked EWC against
Transfer Entropy (TE-Full), which was conventionally esti-
mated based on the entire time series. We compared the ability
of these measures to retrieve the ground truth signaling motif
in simulations with increasing noise levels. To enable compar-
ison of the different measures, we estimated the standardized
contrast between the FC in true (existing: between nodes 1, 2
and 3) and false (absent: between nodes 4 and 2) connections, as
well as in the forward (1 - 2) and reverse (2— 1) directions. A
standardized contrast of zero signifies no discernible difference
between estimates.

We considered the performance of our method as a function of
the ratio between the noise level in the system and the ampli-
tude at which the source regions pulsate. The delay between
the sources (nodes 1, 3, and 4) and the target (node 2) was set at
15ms, and the sources pulsated according to a Poisson process
with a mean frequency of 0.2Hz (Figure 2A). The ground truth
connections were between nodes 1 and 2, and 3 and 2, with no
outgoing or incoming connections from node 4, by construc-
tion (See Section 2.4). Additionally, the spiking behavior in
nodes 1 and 3 would imply an asymmetric influence from them
to node 2. We observed that estimating the TE-Full resulted in
a good representation of the ground truth, with strong inter-
actions from nodes 1 and 3 to 2 (Figure 2C). Importantly, the
corresponding contrast distribution indicated that the interac-
tion between node 4 (isolated) and 2 could be clearly discrim-
inated from the true interactions, providing evidence of good
specificity (Figure 2F). When the FC was instead measured
using cMI-EWC, we observed an interaction between regions
4 and 2, although this false positive interaction was consider-
ably weaker than the ground truth interactions from node 1
to 2, and 3 to 2, particularly at low noise levels (Figure 2D).
Interestingly, PC-EWC performed well when compared to
cMI-EWC. Like TE-Full, PC-EWC also resulted in a good
representation of the ground truth (Figure 2E). The contrast
between estimated interactions showed that true connections
could be distinguished from absent connections even at large
levels of noise (Figure 2H), although not as well as TE-Full.
Importantly, in the case of cMI-EWC and PC-EWC, asym-
metric interactions were estimated, despite the FC measures
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FIGURE 2 | Communication over a network motif. (A) We test our method of estimating communication patterns on a simple 4-node network
motif with three connected nodes (nodes 1, 2, and 3) and an isolated node (node 4). The solid black edges and the dashed grey edge indicate the pres-
ence and absence of a ground truth connection respectively. The activities of the individual nodes in this network are described by a Linear Stochastic
Model. The dynamics of the red, blue and cyan nodes have an additional Poisson process, causing it to spike at an average rate of 0.2 Hz, emulating
communication events. d,, is the delay between nodes x and y, in ms. The noise amplitude of the LSM, o, is varied relative to the fixed Poisson pulse
amplitude of the sources. (B)10s of simulated activity of the network in (A). The dashed lines at the location of the pulses mark communication events
used in the EWC protocol. Note that in addition to nodes 1 and 3, events are detected in node 4 as well, based on its pulses. (C) Transfer entropy (in
nats) between nodes, estimated over the full signal. (D) Conditional Mutual Information (in nats) between nodes, estimated as per the EWC proto-
col (E) Partial Correlation (Pearson-R) between nodes, estimated as per EWC. We show only the absolute correlation strengths. (F-H) Standardized
contrast (difference between FC estimated between of True and False connections that is, solid and dashed edges in (A), normalized by their pooled
standard deviation) plots associated with the FC estimates. A non-zero contrast value quantifies the discriminability between estimates. Shading in
the plots represent = SEM (20 trials). All plots maximally smoothed (i.e., using all available points) to clearly reveal trends.

being undirected/symmetric. This asymmetry is a result of  series. Like TE-Full, GC-Full also produced an accurate rep-

the temporal ordering within the EWC implementation. resentation of the ground truth interactions of the constructed
system (Figure S5A).

To further contextualize EWC's performance in gauging the

true network communication structure, we employed another Additionally, we also tested whether a common source equi-

established directed FC methodology—the Bivariate Granger  distant from two targets would result in a spurious functional

Causality (GC-Full), which was estimated on the entire time link between them (a closed triangle problem). For this, we set
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region 2 as the pulsating source and estimated the PC-EWC. We
observed that our method correctly identified communication
from node 2 to both 1 and 3, with negligible communication in
the opposite direction or between the targets (Figure S1). We
also tested the EWC implementation over a range of conduction
delays and mean firing rates of the sources (Figure S2).

To summarize, our comparative analyses demonstrate that
EWC can accurately capture directional interactions over a
range of noise levels, delays, and firing rates. We emphasize that
PC and cMI, being undirected/symmetric measures, were only
able to capture directional signaling due to the temporal order-
ing implemented by the EWC protocol. Despite these positive
results, based on our observations of the standardized contrast,
we find that TE-Full still provides the strongest discriminability
between the absence and presence of signaling patterns. For this
reason, we continue using TE-Full as a representative bench-
mark of directed FC in the subsequent analyses.

3.2 | Computational Tractability of the EWC
Protocol

An important consideration for any analysis pipeline, particu-
larly if applied in an exploratory context, is its computational
tractability. The EWC protocol involves two main computa-
tional segments—first is the event identification step, and the
second is the estimation of statistical dependence (through FC)
to infer activity propagation. Since some of the FC estimation
methods, particularly those involving nonparametric informa-
tion theoretic functions, are computationally intensive to begin
with, the computational implications of adding additional com-
ponents must be explored. In this section, we compared the
computational tractability of the EWC protocol to full versions
of TE and MI, and EWC versions of the cMI and PC. We used
these methods to estimate functional/activity-propagation net-
works comprising an increasing number of nodes. Nodal time
series were sampled from source-localized MEG recordings (see
Section 2).

As expected, the computation time increased with network size
in all cases. Interestingly, despite the increased number of com-
putations—event identification and multiple FC estimations
(for each event), the EWC was found to be computationally less
intensive than TE-Full. Specifically, for the chosen parameters,
PC-EWC took approx. 75% less time than TE-Full, and cMI-EWC
took approx. 45% less time. Since cMI-EWC is closely related to
TE-Full (see Section 2), but estimated over shorter windows, it
shows that the computational efficiency of the EWC protocol can
be largely attributed to the subsampling, despite it increasing the
overall number of computations. Although the method chosen
would have to ideally suit the research problem, this analysis
and the visualization presented in Figure 3 nevertheless helps
benchmark the computational cost of the EWC protocol against
established methodologies in resting state analysis.

In short, we find that both methods of estimation (Full or EWC)
and the within-window FC measure affect computation time.
Importantly, using the EWC protocol generally leads to a de-
crease in computation time. In addition, the gain in computa-
tional time grows as a function of network size, indicating that
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FIGURE 3 | Time taken for network inference as a function of net-
work size. Signals spanning 200s (Twenty 10s epochs) sampled from
source-localized MEG recordings of three subjects. Sampling repeated
10 times per subject for each network size (each box plot spanning 30
data points). Circles represent outliers. (Inset) Percentage of time taken
to compute PC-EWC, relative to the time taken to compute TE-Full. For
a range of network sizes, PC-EWC takes x75% less time to compute for
a200s scan, or equivalently, is ~4 times faster.

EWC may confer pronounced benefits for the estimation of fine-
grained functional networks (e.g., > 1000 nodes). Combined with
our results from the previous section, we find that PC-EWC can
be computed x4 times faster than TE-Full, while also resolving
asymmetries in signaling.

3.3 | Inferring Whole-Brain Activity Propagation
Patterns From MEG Recordings

Having benchmarked both the computational efficiency of the
EWC protocol and the accuracy of inferred activity propaga-
tion maps against conventional FC estimation methodologies
in silico, in our final set of analyses, we tested the agreement
between EWC and TE maps derived from empirical neuroim-
aging data. Specifically, we computed PC-EWC and TE-Full on
minimally pre-processed resting-state source-localized MEG
recordings of 30 subjects from the Human Connectome Project
(HCP) (left-hemisphere results in main text, right-hemisphere
results Figure S3). The temporal ordering was based on de-
lays proportional to the inter-regional Euclidean distance (see
Section 2).

For each subject, we computed the correlation between the PC-
EWC and TE-Full matrices and found that the two measures
led to highly correlated estimates of functional connectivity
(Figure 4B). The median correlation coefficient across subjects
was r~0.82 (p<0.0001) (Figure 4C top). Notably, the subsam-
pling of the EWC protocol led to a significantly quicker infer-
ence of activity propagation (Figure 4C bottom). In addition
to the high subject-level agreement, the EWC implementation
also allows us to study how signaling directions and strengths
change across the scan, by estimating the degree of asymmetry
and variance of estimates at different scales (event-, epoch-, and
subject-levels) (Figure S4).
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Although TE is an established means of gauging directed
interactions as demonstrated in Figure 2, and enables
straightforward comparison with PC-EWC, we additionally
benchmarked the communication maps inferred using EWC
to estimates using Bivariate Granger Causality (GC-Full).
Bivariate Granger Causality captures asymmetric influences
based on the relative autoregressive predictability between
regional activities, as opposed to the information theoretic ap-
proach of TE, allowing for a more comprehensive empirical
assessment of EWC. Notably, we observed a strong correlation
between PC-EWC and GC-Full, comparable to its agreement
with TE-Full (Figure S5B).

To summarize, in this section we demonstrate a real-world ap-
plication of the EWC to capture activity propagation patterns

from resting state MEG recordings using PC-EWC. We show
that activity propagation inferred through FC as per the EWC
protocol shows good agreement with our conventional reference
using the TE, while being considerably less computationally
intensive. This lends support to EWC as a viable technique for
studying how activity or endogenous perturbations flow be-
tween functional entities, particularly when multiple functional
components are involved.

4 | Discussion
Understanding how the brain routes information is an open

problem in neuroscience with crucial implications to our
knowledge of perception and cognition. In this work, we focus
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on the first step towards addressing this problem—reliably
inferring communication from neuroimaging data. We intro-
duce a time series analytical technique, termed Event-marked
Windowed Communication (EWC), to capture dynamic sta-
tistical relationships driven by inter-regional communica-
tion. This method captures the inter-regional propagation of
discrete signaling events or endogenous perturbations using
functional connectivity (FC) measures estimated on select
subsamples of the signal. We demonstrated the merits and
limitations of this method in silico, using different FC mea-
sures, and compared it to established methods of inferring
directional relationships (Figure 2). We then applied it to
source-localized MEG data, where high correlation was ev-
ident between subject-level FC patterns derived using EWC
and widely used directed FC approaches like Transfer Entropy
(TE) (Figure 4) and Bivariate Granger Causality (Figure S5).
Importantly, we also showed that the EWC protocol is com-
putationally efficient (~2.5 times faster per 10s-epoch when
using the PC) (Figures 3,4C, bottom), and additionally capa-
ble of capturing changes in asymmetric relationships over the
scan (Figure S4).

Studying how activity or information flows between neural el-
ements is crucial to our understanding of the mechanisms of
communication. In addition to EWC, multiple previous works
have explored this important topic from diverse standpoints,
such as neuronal avalanches (Beggs and Plenz 2003, 2004;
Sorrentino et al. 2021), direct stimulation-response measure-
ments (Seguin et al. 2023a), functional hierarchies (Vazquez-
Rodriguez et al. 2020), FC dynamics (Faskowitz et al. 2020;
Griffa et al. 2017), and information-theoretic methods (Nguyen
et al. 2024; Novelli et al. 2019; Novelli and Lizier 2021), to name
a few. EWC differs from previous work primarily in its han-
dling of time series. As opposed to measures/features computed
using the entirety of recordings or parts of them (as in sliding
window approaches), EWC restricts FC estimation to select
subsamples of the signal, to infer activity propagation between
neural elements. By targeting the FC estimation to select sub-
samples of the scan, EWC effectively computes a resting-state
“event-related potential”. Approaches with parallels to the EWC
framework have been previously applied in epilepsy research,
where activity and FC changes associated with interictal spikes
were found to be informative of seizure propagation, seizure
onset zones, and epileptogenic networks (Bartolomei et al. 2017;
Corona et al. 2023; Matarrese et al. 2023; Van Mierlo et al. 2013;
Wilke et al. 2009).

Estimating EWC comprises three steps: (1) event identification,
(2) temporal ordering, (3) windowing/subsampling. Each of
these elements has associated advantages and limitations. We
discuss these points below.

Typically, FC is estimated for the entire scan, or in the case of
dynamical-FC, for consecutive windows of the scan (Hutchison
et al. 2013; Schulz and Huston 2002; Vergara et al. 2019). A
limitation of such an approach to capture activity propagation
is that inter-regional communication may occur only at select
time epochs and this information may be obscured by internal
dynamics. Although both dynamic-FC and EWC involve FC-
estimation through a windowed approach, key technical dif-
ferences between the methodologies include EWC's focus on

salient signal features for each region, their respective window
placement strategies, and the subsequent averaging of estimates
over temporally separated communication windows in EWC.
These algorithmic differences result in dFC and EWC capturing
conceptually different aspects of interregional interactions—
dFC effectively captures the temporal variation of FC over the
duration of a scan, whereas EWC develops maps of dominant
directed or asymmetric interactions associated with discrete ac-
tivity propagation events (Figure S6).

The purpose of the event-identification step in the EWC is to
identify salient features in regional dynamics that then serve as
a reference point from which downstream effects are gauged.
In task-based paradigms, these segments are generally marked
by controlled stimulus triggers. On the other hand, in task-free
recordings, change-point detection or point-process analysis-
based tools can be used to capture salient changes in regional
dynamics (Aminikhanghahi and Cook 2017; Chen et al. 2019;
Tagliazucchi et al. 2011, 2012). EWC reuses a simple method
employed in previous works that traces activity propagation to
parts of the signal that deviate from mean behavior through z
scoring (Sorrentino et al. 2021). Limiting the signal that is ana-
lyzed to the proximity of the events additionally makes the EWC
computationally tractable when compared to conventional ap-
proaches (Figure 3). Although event detection is performed on
the time-domain signal, a similar approach may also be imple-
mented in the time-frequency domain. This would be particu-
larly suited for investigating the downstream effects of transient
neural-oscillatory phenomena, such as beta bursts, whose prop-
agation can be used to delineate functionally relevant circuits
(Lundqvist et al. 2024). The event-identification function would
ideally be chosen based on the neural recordings and what the
researcher considers to be a valid perturbation.

The temporal ordering aspect, which is designed to account for
delays in signal conduction over the network, incorporates di-
rectionality into the protocol, irrespective of the FC measure
used. This allows us to use undirected/symmetric measures
like PC or cMI to resolve transient asymmetric FC relationships
(Figure 2B,C,E,F). Any symmetric FC measure (coherence,
phase locking value, phase lag index etc. [Colclough et al. 2016;
Lachaux et al. 1999; Stam et al. 2007]) can similarly be rendered
directional if implemented in this manner. Care must, however,
be taken to ensure that the considered delays are within a rea-
sonable range to avoid capturing effects that might not likely be
caused by the observed event.

Limiting the FC estimation to a window/subsample of the sig-
nal proximal to the events offers multiple advantages. It is well
suited for scenarios where there is limited information regard-
ing the spatiotemporal span of the effects, allowing us to cap-
ture extended effects as opposed to a local one (at a single time
point). Furthermore, averaging the results over multiple win-
dows (events) increases the robustness of the estimate. It also re-
duces the size of the signal for which the FC must be estimated,
decreasing the computational time.

In contrast to conventional FC implementations, however, EWC
typically involves a higher number of computations—instead
of a single computation per epoch, there are now computations
associated with each event within the epoch (albeit involving
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shorter segments of data). This effect is apparent in Figure 3,
where MI-Full is computed considerably faster than its EWC
counterpart—cMI-EWC.

Although we find that there is a strong agreement between the
subject-level PC-EWC and TE-Full, we noted that agreement in
terms of their asymmetry or directionality was not statistically
significant. This could be due to the PC and TE capturing differ-
ent statistical dependencies in the data. This difference may have
been subtle in the simple network-motif (resulting in both the
PC and TE capturing the true signaling asymmetries), but more
pronounced at larger scales. Additionally, we should mention
that the PC and information theoretic measures such as the cMI
or TE estimated using Gaussian estimators only capture linear
dependencies in the data. While linear approximations are com-
monly used to make analytical problems tractable, the model-
free nature of information theoretic measures (using model-free
estimators such as the Kraskov-Stogbauer-Grassberger (KSG)
or binning estimators) makes them more suitable to capture
non-linear dependencies following perturbations.

An important feature of EWC is that, being a generalized time se-
ries analytical framework, it is not restricted to M/EEG analyses
but can be applied to a host of functional neuroimaging modal-
ities—from microelectrode array recordings of neural popula-
tions to functional MRI. For example, EWC could be applied
to intracranial EEG (iEEG) recordings to assess the transmis-
sion of endogenous perturbations at fine spatiotemporal scales
and possibly contextualize insights from stimulation-based
approaches to neural communication (Lemarechal et al. 2022;
Seguin et al. 2023a; Trebaul et al. 2018). As discussed above, this
would, however, require that the event identification principles,
delays, and window lengths suit the modality and research ques-
tion. Nevertheless, a standardized analytical treatment across
diverse data facilitates comparison and consolidation of in-
sights from multiple scales, promoting a deeper understanding
of a complex process like neural communication. We anticipate
EWC's utility in multiple venues of research, from basic neuro-
science to translation. For instance, gauging the relationship
between EWC and neurophysiological factors such as neural
oscillatory relationships could potentially help elucidate mech-
anisms or principles underlying routing of information at vari-
ous scales. EWC's modality-general framework could also prove
useful in the context of neural decoding, where conventional ap-
proaches involving multiple modalities and diverse associated
analytical techniques are argued to provide a limited character-
ization of the neural code (Lu et al. 2021). By estimating statis-
tical responses to stimulus-driven activity changes, EWC could
be leveraged to capture standardized representations of stimuli
across modalities and possibly complement established fusion-
based approaches (Cichy et al. 2016). Another domain where we
anticipate EWC's utility is in brain stimulation, to potentially
characterize how stimulation modalities might modulate com-
munication between downstream regions and influence treat-
ment outcomes. In the context of epilepsy research, EWC might
find utility in assessing the relevance of various epileptiform sig-
nal features (defined/identified as events) on ictal and interictal
communication, building seizure propagation models, or vali-
dating epileptogenic mechanisms by tracking interareal inter-
actions leading up to seizures. EWC could also be incorporated
into previously developed methodologies involving neural time

series for example, using feature vectors instead of raw time se-
ries (Nguyen et al. 2024).

4.1 | Methodological Considerations

We designed EWC to capture communication-driven statistical
relationships or as a statistical analogue of activity propagation.
Its development involved the use of several simplifying assump-
tions to ensure computational and analytical tractability. These
points need to be considered to fully appreciate the scope of this
work and limitations. For instance, a z-value-based event iden-
tification, as we used in this study, will be sensitive to changes
in the mean activity—this is evident in Figure S2F, where an in-
crease in the source firing rate results in firing events not being
identified, resulting in diminished estimates. Similarly, errors
in delay estimation, which affect the temporal ordering, can re-
sult in the effect of the event being missed entirely. The window
length is also a crucial component and must be chosen so that
it captures the immediate effects of the event, while also being
long enough to ensure that there are enough datapoints for an
accurate FC estimate. The window and epoch lengths also deter-
mine the resolution at which the dynamics of asymmetric rela-
tionships can be observed (event—/epoch-scale vs. subject-scale).

We use the Euclidean separation between ROI centroids as a
measure of the physical separation between them, which in turn
dictates the signal transmission delay and subsequent temporal
ordering in EWC. While the Euclidean separation is a conve-
nient and widely used method of incorporating signaling delays
in the absence of white matter tract tracing data, delays can
be better approximated by considering true white matter fibre
lengths and/or accurate conduction velocities. Moreover, gaug-
ing the response of a target over a window instead of a single
time point allows for slight errors in delay estimation, provided
the response is not highly temporally localized.

It must also be emphasized that the inference times are sub-
ject to the methods employed for event identification and the
FC measure. For instance, using PC instead of cMI reduces the
overall inference time (Figure 3). On the other hand, replacing
the event identification with a more complex procedure, such as
identifying salient events in the time-frequency domain, can in-
crease the overall time taken for activity propagation inference.

It is also important to remember that EWC is not a direct mea-
sure of communication but is instead a measure of the statistical
consequence of communication. It can only be used to infer com-
munication. Care must be taken while choosing the FC measure,
since different measures capture different features of signal sim-
ilarity (correlation, phase synchrony etc.), while also being valid
only on certain derivatives of the original signal. For example,
mutual information can be computed between any signal (with
different interpretations), whereas the phase lag index is com-
puted between the instantaneous phase time series. The effect of
FC measure choice is evident in Figure 2B,C,E,F, where the cMI
indicates strong interaction from node 4 to 2, despite the lack of
any interaction by construction. The PC, on the other hand, does
not capture this functional link. In the case of non-negative FC
measures like the cMI, estimates can sometimes be inflated due
to a positive bias (despite filtering based on significance testing).
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This can be corrected by subtracting a null-derived estimate
from the observed (significant) estimate. Additionally, the cur-
rent EWC implementation identifies perturbations at the level
of a single region (the source) and infers activity propagation be-
tween pairs of regions at a time. Our framework can be extended
to multiple dimensions. Examples include defining events based
on significant deviations of joint activities of multiple regions
(instead of a single source) using a generalized notion of the z
score, or conditioning the statistical dependence between source
and target on the activities of other regions.

Furthermore, we must mention that although our protocol re-
stricts the estimation of the EWC to supra-threshold events, we
do not claim that communication does not take place during the
sub-threshold segments. The significant deviations are used to
systematically reduce the analysis space, since it is more difficult
to establish whether EWC estimates are due to communication
as opposed to some other regional process or noise in the sub-
threshold segments.

5 | Conclusion

In conclusion, our work presents a new method to infer neural com-
munication patterns through a restricted FC estimation approach
based on activity propagation events. Our method yields communi-
cation maps comparable to those of well-established techniques at
a fraction of the computational time, opening up new avenues for
the investigation of signaling in large networks of neural elements.
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