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Abstract Understanding how visual cues shape the network organisation underlying motor imagery remains
a challenge. Whilst electroencephalography (EEG) studies typically focus on pairwise sensorimotor cou-
pling, brain dynamics are increasingly understood through higher-order interactions. Here, we investigate
this using the Triadic Interaction Mining framework, which identifies triads where one node modulates the
interaction between two others. We hypothesise that visual context reorganises the network’s higher-order
regulatory structure rather than merely scaling sensorimotor activation. Applying this framework to EEG
recordings of a healthy adult cohort, we assessed how p-band power coupling between sensorimotor elec-
trodes is modulated during motor imagery triggered by either a realistic hand image or an abstract dot.
Our results reveal distinct patterns of triadic regulation. The abstract cue elicited dense regulation within
frontoparietal and sensorimotor regions, where frontal sites repeatedly modulated edges terminating at
the left parietal cortex. Conversely, the realistic cue yielded fewer triads, predominantly featuring occip-
ital electrodes modulating sensorimotor coupling across both hemispheres. These findings suggest that
the visual stimulus modifies the higher-order organisation of the motor imagery network, highlighting the
influence of visual context on functional connectivity.

1 Introduction

Motor imagery is defined as the mental simulation of an action without overt movement. It is a widely studied
paradigm in cognitive neuroscience and a core element of non-invasive brain—computer interfaces (BCIs) [1-3]. Its
appeal comes from the fact that imagining a movement engages, to a large extent, the same sensorimotor circuits
as actual execution, which makes it a natural model for studying motor cognition and a practical control signal
for neurorehabilitation [4, 5]. Over more than two decades, electroencephalography (EEG) has provided a robust
electrophysiological marker of motor imagery in the form of the py-band desynchronisation over sensorimotor cortex
[6, 7]. This phenomenon underlies most contemporary motor imagery BCIs and continues to inspire methodological
developments aimed at improving the decoding of imagined movements from EEG [3, §].

Age-related decline in motor control, including impaired posture, gait, and slowed movement execution, signif-
icantly reduces quality of life in older adults. Recent reviews have highlighted that advanced neurophysiological
data analysis (such as spectral measures, complexity metrics, and functional connectivity) can reveal biomarkers
of this decline and open avenues for targeted intervention strategies [9, 10]. Motor imagery, as a cognitively con-
trolled task that engages sensorimotor circuits without overt movement, is particularly suitable for assessing such
biomarkers and for designing brain—computer interface (BCI)-based neurorehabilitation protocols.

A factor that is often overlooked in classical motor imagery paradigms is the form of the visual cue that triggers
the imagination. The same instruction to imagine a hand movement can be elicited by a realistic image of a hand
or by an abstract symbol, and these two situations do not appear to engage the brain in the same way. When
a body part is shown, the action observation network, which spans occipital, posterior parietal and premotor
regions, is activated by the visual stimulus and provides a direct mapping between the observed effector and the
corresponding motor representation [11, 12]. In contrast, when the cue is purely abstract, the imagined movement
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has to be generated internally from a more symbolic instruction, presumably with a stronger contribution of
the frontoparietal control network [13, 14]. Recent EEG studies of visually guided motor imagery have begun to
confirm that the form of the visual cue shapes the spatial distribution of functional connectivity during the task
[15], yet most of these analyses remain at the level of pairwise coupling between channels or regions.

The pairwise view of brain connectivity, in which each pair of nodes is characterised by a scalar measure
of statistical dependence, has been extremely productive, but it is increasingly recognised as incomplete [16,
17]. Many cognitive functions are supported by coordinated activity amongst several regions, and reducing such
multi-way coordination to a collection of pairwise links discards information that is essential for understand-
ing network organisation. This observation has motivated a rapid development of higher-order representations
of brain networks, including hypergraphs constructed from EEG and magnetoencephalography (MEG) [18, 19]
and information-theoretic decompositions that isolate genuine third-order dependencies in neural signals [20].
Higher-order descriptions have already revealed previously hidden organisational patterns in healthy development,
attention and clinical populations [17, 21], suggesting that beyond-pairwise interactions are not a marginal cor-
rection to the pairwise picture but a structural feature of brain dynamics. The shift from pairwise to higher-order
descriptions is part of a broader evolution of network analysis in neuroimaging, which has been systematically
reviewed for fMRI data and shown to provide novel insights into both physiological and pathological brain states
[22]. The integration of network science and artificial intelligence has substantially advanced the development of
BClIs for medical applications, from the physical principles of neural signal decoding to large-scale rehabilitation
systems for neurological and mental disorders [23, 24]. Moreover, network-based approaches have been used to
map research trends in Al-driven medicine, highlighting the growing importance of functional connectivity and
higher-order statistics in this domain [25].

Amongst the different forms of higher-order interaction, triadic interactions occupy a special place. A triadic
interaction is the situation in which one node regulates, either positively or negatively, the strength of the interac-
tion between two other nodes, and it cannot be reduced to a hyperedge or a simplex because the regulator does not
participate as an equal partner in the interaction [26, 27]. This notion has a clear neurobiological motivation: glial
cells modulate synaptic transmission between neurons, and analogous regulatory motifs exist at the network level
whenever one region modulates the coupling of two others. A general algorithm for mining triadic interactions
from data, the Triadic Interaction Mining (TRIM) framework, has been recently introduced and validated on
synthetic dynamics and on gene expression data [27]. However, despite the importance of triadic motifs in neural
systems, the application of this specific framework to human EEG, and particularly to motor imagery, remains
largely unexplored.

Here, we close this gap by applying the TRIM framework to EEG recordings of healthy adults performing motor
imagery under two visual conditions: a realistic hand image and an abstract dot. By assessing the conditional
mutual information of p-band power, we identify exploratory triads where a third electrode modulates the pairwise
coupling between sensorimotor channels. To our knowledge, the application of this framework to human EEG
remains largely unexplored, providing a novel information-theoretic window into how visual context shapes the
network architecture of motor imagery.

2 Materials and methods

2.1 Experimental procedure

The experiment was designed to study the neurophysiological patterns of motor imagery under different visual
stimulation conditions [3]. The general structure of the session is shown in Fig. 1A. It began with an oculomotor
calibration, during which participants performed controlled eye movements (saccades, fixations, and blinks) on
command. These recordings were later used to identify oculomotor activity by means of independent component
analysis and to remove the corresponding artefacts from the EEG. A one-minute resting-state recording without
any stimulus was then acquired and served as a baseline reference. The main block consisted of 60 motor imagery
trials, and the session ended with a second one-minute resting-state recording identical to the first.

The trials were evenly distributed across four conditions defined by two stimulus types and two sides of the
imagined movement. The stimulus was either a realistic image of a hand (left or right) or an abstract dot located
to the left or to the right of the centre of the screen. When a hand was shown, participants imagined the movement
of the corresponding hand; when a dot was shown, they imagined a movement of the left hand for a dot on the
left and of the right hand for a dot on the right. The stimuli thus differed both in form, realistic versus abstract,
and in the side of the target movement.

Each trial followed the same sequence, illustrated in Fig. 1B. First, a neutral background was displayed for 4 s.
It was followed by a fixation cross whose duration was drawn at random from the interval between 1 and 1.5 s. The
visual stimulus triggering motor imagery was then presented for 4 s. Finally, participants rated how well they had
managed to imagine the movement on a visual analogue scale ranging from “poor” to “good”. The time allowed
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Fig. 1 Experimental design and EEG montage. (A) General structure of the experimental session, consisting of an oculo-
motor calibration, two background recordings, and a sequence of motor imagery trials. (B) Structure of a single trial: a rest
interval (4 s) is followed by a fixation cross (1-1.5 s), a visual stimulus (4 s) triggering motor imagery, and a self-assessment
phase on a visual analogue scale (VAS). The stimulus was either a realistic image of a hand (image type) or an abstract dot
(point type). (C) Spatial arrangement of the 18 EEG electrodes used for analysis, positioned according to the international
“10-20” system

for this self-assessment was not limited and lasted on average between 3 and 5 s. The VAS self-assessment was
collected as part of the experimental design but lies outside the scope of the present analysis and is reserved for
future work.

2.2 Participants

The study involved 24 healthy volunteers aged between 20 and 32 years (mean age = 25.3+3.4 years), none of whom
had a history of neurological or psychiatric disorders. The experiment was approved by the Independent Ethics
Committee of the Center for Clinical Research of the Immanuel Kant Baltic Federal University. All participants
gave written informed consent prior to the experiment. The study was aimed at investigating the neurophysiological
and subjective aspects of motor imagery, including the influence of the type of visual stimulus and of the subjective
self-assessment on the strength of the corresponding patterns of brain activity.

2.3 Data acquisition and preprocessing

EEG signals were recorded using a NeoRec cap 21 system. Eighteen electrodes were selected for subsequent analysis
according to the international “10-20” system. The reference and ground electrodes were placed at Fz and Fpz,
respectively. EEG signals were recorded at a sampling rate of 500 Hz. The spatial arrangement of the electrodes
on the scalp is shown in Fig. 1C.

EEG data preprocessing was performed using the MNE-Python library [28]. The recordings were resampled to
an exact common sampling rate of 500 Hz: since the signals were streamed via the Lab Streaming Layer (LSL),
whose effective sampling rate is not perfectly uniform owing to transmission latency and jitter, this step enforced a
common and regular time base across recordings prior to analysis. The data were also re-referenced to the average
of all electrodes. A finite impulse response (FIR) band-pass filter with a Hamming window (firwin design) was
then applied in the 1-40 Hz range in order to remove low-frequency drifts and high-frequency noise prior to
the decomposition. As visual inspection revealed no strongly contaminated channels, no bad-channel rejection
or interpolation was applied, and all electrodes were retained. Ocular artefacts were subsequently removed using
independent component analysis (ICA) [29], performed with the FastICA algorithm using 18 components. To this
end, the oculomotor calibration recording, during which participants performed controlled saccades, fixations, and
blinks on command, was used to identify the independent components associated with eye movements. These
components were then excluded, and the clean EEG signals were reconstructed from the remaining components.

For the analysis, the continuous recordings were segmented into epochs spanning from 1.0 s before to 4.0 s after
stimulus onset. This window captured both the fixation interval preceding the stimulus and the full duration of
the motor imagery task. The pre-stimulus interval was later used as a baseline for normalising the spectral power,
whilst only the 4 s of the motor imagery period entered the higher-order interaction analysis described below.
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2.4 EEG higher-order triadic interactions

To detect higher-order triadic interactions, we adapted the TRIM framework [27] to the EEG recordings. The
general principle is illustrated in Fig. 2: a triadic interaction occurs when one node Z, the regulator, modulates
the strength of the interaction between two other nodes X and Y. In our setting, the nodes of the network
correspond to the EEG electrodes, and the dynamical state of each node is given by the spectral power of its signal
in the p rhythm.

We focussed on the p band (8-13 Hz), the sensorimotor analogue of the occipital alpha rhythm, whose desyn-
chronisation is a well-established marker of motor imagery [6]. For each participant and condition, the single-trial
band power was obtained as follows. A time-frequency representation of every epoch was computed with the multi-
taper method over the 4-30 Hz range, using a frequency-dependent number of cycles (ncycles = f/2) corresponding
to a constant analysis window of 0.5 s and a time-bandwidth product of 4.0, yielding three DPSS tapers, and the
resulting power was normalised with respect to the pre-stimulus fixation interval. The normalised power was then
restricted to the 4 s of the motor imagery period and averaged across the frequencies of the p band and across
time, yielding one power value per electrode and per trial. These single-trial values were averaged across the trials
of each participant, so that every electrode was characterised by one pu-power value per participant and condition,
and the values of each electrode were standardised across participants. In this way, and in contrast to the temporal
time series used in the original formulation of the model, the role of the dynamical state of each node was played
by the distribution of its y power across the participant cohort.

Triadic interactions were searched for separately in the two stimulus conditions, Point and Image. As candidate
edges X—Y, we considered all pairs formed by the nine electrodes overlying the sensorimotor and adjacent areas

(F3, F4, C3, Cz, C4, T7, T8, P3, P4), giving (g) = 36 pairs. For each pair, every one of the remaining electrodes

was tested as a candidate regulator Z.

For each candidate triad, the values of the regulator Z were sorted and partitioned into P bins defined by the
quantiles of Z, so that each bin m, contained the same number of observations and corresponded to a distinct
range of values of Z. Within each bin, we estimated the mutual information between X and Y conditioned on
that range of 7,

_ T T 2 o M(Jf, ) ‘ Zm)
1) = [ [yt v ol ] W

where p(x | z,,,) and p(y | zm) are the marginal probability densities of X and Y in bin m,, and u(z, y | z;,) is
their joint probability density. The quantity in Eq. (1) was estimated non-parametrically using k-nearest-neighbour
entropy estimators [30]. Averaging MI,(m) over the bins,
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Fig. 2 Higher-order triadic interactions in EEG data. A Schematic of a triadic interaction: a regulator node Z modulates
the strength of the interaction between two other nodes X and Y. The regulated edge is represented as a factor node
(hexagon), and the regulatory link from Z is shown as a dashed arrow. B Application of the framework to EEG recordings:
electrodes are treated as nodes whose dynamical state is given by the band power of their signal, structural edges connect
pairs of nodes (solid lines), and candidate regulator nodes modulate these edges (dashed arrows)
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recovers the conditional mutual information between X and Y given Z, where p(z,,) is the probability that Z falls
in bin m,. As shown in Ref. [27], this average is by itself insensitive to the modulation of the interaction and is
therefore not sufficient to reveal a triadic interaction.

The key observation is that a genuine triadic interaction manifests itself as a variation of MI,(m) across the
bins of Z, rather than in its mean. Following Ref. [27], we quantified this variation by the standard deviation of
MI,

P—1

2= | D p(zm) [ML(m) — (ML) ]*. (3)

m=0

A value of ¥ close to zero indicates that MI,(m) stays approximately constant, that is, the strength of the
interaction between X and Y does not depend on Z, whereas a large X signals that Z modulates this interaction.
The significance of the observed ¥ was assessed against a randomisation null model obtained by shuffling the
values of Z relative to those of X and Y, which disrupts any genuine triadic dependence whilst preserving the
marginal distributions [31]. From 10 realisations of this null model, we computed the standardised score

Y —E(Xran)

Oy = )
VEE2,) — (E(Sn)’

(4)

together with the empirical p-value
P = P(Eran > Z); (5)

where 3., denotes the standard deviation of MI, obtained on the surrogate data, and E(-) the expectation over
the null realisations. A triad was retained as a significant triadic interaction when py, < 0.05. The retained triads
were then ranked by Oy and displayed on the scalp, with the structural edge X—Y shown as a solid line and the
regulatory link from Z as a dashed arrow pointing to the modulated edge.

3 Results

We applied the TRIM algorithm to the pu-band power of the 18 EEG electrodes, searching for triadic interactions
separately in the 2 stimulus conditions. For each candidate edge connecting two sensorimotor electrodes, every
remaining electrode was tested as a possible regulator. The triads reaching significance (ps; < 0.05) were retained
and ranked by ©yx. Across both conditions, 9 triads reached significance, 6 in the Point condition and 3 in the
Image condition. The resulting interactions are displayed on the scalp in Fig. 3 for the Point (A) and Image (B)
conditions.

The two conditions gave rise to clearly distinct patterns of triadic regulation. In the Point condition (Fig. 3A),
the significant triads were more numerous and densely concentrated over the left central and parietal region, with
the modulated edges repeatedly terminating at the parietal electrode P3 (four of the six edges, namely C3-P3,
F3-P3, Cz—P3 and T8-P3). The strongest interaction of the whole analysis was found here, with the C3-P3 edge
regulated by the frontal electrode F4 (©x = 5.91, ps; = 0.007), a value markedly above those of the remaining
triads (Oyx between 2.57 and 2.91, ps; between 0.024 and 0.034). The regulator nodes were located predominantly
within the frontal and parieto-central areas themselves, with frontal sites acting as regulators in four of the six
triads and F4 alone regulating two edges (C3-P3 and F3-P3). The regulation, therefore, took place largely inside
the sensorimotor and frontoparietal system, indicating that during imagery driven by an abstract cue, the coupling
between sensorimotor electrodes was modulated by other nodes of the same network.

In the Image condition (Fig. 3B), the picture was markedly sparser, with only three significant triads and a
different organisation of the regulatory links. In all three, the regulator was an occipital electrode, O1 in two cases
and O2 in one, and the modulated edges spanned both hemispheres, namely C3-P3 (regulated by 02, Oy, = 2.99,
py, = 0.04), T7T-F3 (regulated by O1, Oy = 1.16, py, = 0.04) and T8-Cz (regulated by O1, Oy = 1.21, ps = 0.04).
In other words, when the stimulus was a realistic image of a hand, the modulation of the sensorimotor coupling
originated mainly from the visual electrodes, whereas the dense intra-sensorimotor regulation observed for the
abstract stimulus was largely absent.

Taken together, these results show that the form of the visual stimulus reshapes the higher-order organisation
of the sensorimotor network rather than simply changing the overall level of activity. The abstract Point cue was
associated with a larger number of triads regulated within the frontoparietal and sensorimotor electrodes, whilst
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Fig. 3 Significant triadic interactions in the p band identified by the TRIM algorithm for the Point A and Image B
conditions. Each triadic interaction connects two end-point electrodes X and Y, joined by a solid structural edge, and a
regulator electrode Z, whose modulatory link is shown as a dashed arrow pointing to the regulated edge (red hexagon).
Only triads with ps; < 0.05 are displayed, and for each edge, the strongest interactions ranked by Oy are shown. The shaded
area highlights the sensorimotor and adjacent electrodes used as candidate end-points of the regulated edges

the realistic Image cue was associated with fewer triads in which occipital electrodes regulated the sensorimotor
coupling.

4 Discussion

In this study, we examined the higher-order organisation of the sensorimotor network during motor imagery under
two visual stimulation conditions. Instead of restricting the analysis to pairwise coupling between EEG electrodes,
we applied the TRIM framework [27] to the u-band power of the electrodes, in order to identify triads in which the
between-subject variation of the p-power at a third electrode is associated with a reorganisation of the coupling
between two sensorimotor electrodes. The main result is that the form of the visual stimulus reshaped the between-
subject pattern of triadic statistical regulation amongst the EEG electrodes. The abstract Point cue was associated
with a denser set of triads involving the frontoparietal and sensorimotor electrodes, whereas the realistic Image
cue was associated with fewer triads in which the between-subject p-power of occipital electrodes structured the
sensorimotor coupling.

Our choice of the p band is motivated by its established role as the sensorimotor analogue of the occipital alpha
rhythm. The desynchronisation of the p rhythm over sensorimotor cortex is one of the most robust electrophysi-
ological markers of both movement and motor imagery [6, 7], and it has been repeatedly shown that imagery of
hand movements engages the same sensorimotor generators as overt movement [4]. Working with u-band power,
therefore, allowed us to anchor the analysis in a frequency range that is directly relevant to the imagery task,
whilst the triadic framework added a level of description that pairwise connectivity cannot reach. As emphasised
by recent work on higher-order interactions in the brain, multivariate dependencies reveal aspects of network
organisation that are systematically overlooked when only pairwise links are considered [16, 17], and triadic inter-
actions in particular capture the situation in which one node regulates the relationship between two others rather
than interacting with them directly [26, 27].

Crucially, because our analysis relies on participant-averaged data, the identified triads reflect between-subject
statistical structures rather than direct intra-brain dynamics. We, therefore, use terms like “regulator” as short-
hand, offering the underlying neurophysiological mechanism as a working hypothesis for future within-subject
validation. The pattern observed for the realistic hand image is compatible with the involvement of the action
observation network. When a body part is shown, the lateral occipitotemporal and parietal regions of this network
translate the observed effector into the corresponding motor representation, forming a bidirectional circuit between
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visual and motor areas [11, 12]. In our data, this is reflected by the between-subject p-power of the occipital elec-
trodes O1 and O2 co-varying with the coupling of the sensorimotor edges, which we tentatively interpret as a
statistical footprint of the visual representation of the hand shaping the coupling within the motor system across
the cohort. The relatively small number of triads in this condition is compatible with the idea that a realistic effec-
tor provides a concrete visual template, so that the mapping from vision to motor representation is comparatively
direct and does not require extensive regulation distributed across the motor network.

The abstract Point cue produced a different picture. Here the between-subject regulation was concentrated
within the frontal, central and parietal electrodes themselves, with the pu-power at frontal sites co-varying with
the coupling of several sensorimotor edges. This is in line with evidence that motor imagery is supported by a
distributed frontoparietal network, in which premotor and posterior parietal regions interact to construct and
maintain the mental simulation of movement [13, 14]. When the stimulus does not contain a body part, the
imagined movement cannot be read out directly from the visual input and has to be generated internally from a
more symbolic cue. Our results suggest that this internally driven construction is accompanied at the cohort level
by a richer set of triadic interactions within the frontoparietal and sensorimotor electrodes, a pattern compatible
with a greater reliance on top-down control when the stimulus is abstract [5, 14]. The contrast between the two
conditions, thus, indicates that the difference between realistic and abstract cues is not merely a change in the
overall level of sensorimotor activation, but a reorganisation of which electrodes statistically modulate the coupling
within the motor system.

From a translational perspective, understanding how the form of a visual cue reshapes higher-order regulatory
structures can inform the design of more effective BCI-based neurorehabilitation protocols. For instance, vibrotac-
tile neurofeedback training has been shown to improve motor cortical excitability during motor imagery [32], and
functional near-infrared spectroscopy (fNIRS) can classify motor-related brain activity at the sensor level, offering
a portable alternative to EEG [33]. Furthermore, transcranial magnetic stimulation (TMS) of the dorsolateral
prefrontal cortex has been found to increase posterior theta rhythm and reduce motor imagery latency, demon-
strating that non-invasive neuromodulation can alter the temporal dynamics of the imagery network [34]. The
triadic interactions identified here provide a candidate mechanistic link between such external interventions and
the reorganisation of sensorimotor coupling: each of these techniques may exert its effect by selectively modulating
the regulatory influence of a specific node (e.g. a frontal or occipital electrode) on distal sensorimotor edges.

These findings also connect to a growing body of work that applies higher-order and information-theoretic
tools to neural data. Triadic and other beyond-pairwise descriptions have recently been used to characterise
the multiscale organisation of brain networks in development and in clinical populations [21], and information-
geometric decompositions have been used to extract genuine third-order interactions from EEG during imagined
movements [20]. Our work adds to this literature by showing that the specific notion of a regulated edge, in which
between-subject variations in the activity of one electrode are associated with the coupling between two others,
can be mined from EEG and is sensitive to the experimental condition. This opens the way to use the triadic
framework as a complementary description of task-related brain network reorganisation.

4.1 Limitations

Several limitations should be kept in mind when interpreting these results. First, the dynamical variable used
for each electrode was its participant-averaged u-band power. Consequently, the analysis captures inter-individual
network differences across the cohort rather than intra-individual temporal dynamics, offering a cross-sectional
perspective on sensorimotor state variability. Whilst our results capture task-related network reorganisation at the
between-subject level, mapping these statistical dependencies onto real-time physiological mechanisms remains a
direction for future within-subject research. Second, significance was assessed with the randomisation null model
and the threshold py < 0.05, without correction for the number of tested triads; the reported interactions are
therefore intended to generate hypotheses that should be confirmed on independent and larger samples, ideally
complemented by the Gaussian null model and the entropic score that are part of the full TRIM pipeline [27].
As reviewed recently for fMRI networks, the transition from pairwise to higher-order descriptions requires careful
validation against null models and, ideally, independent replication cohorts [22]. Third, the analysis was carried
out at the sensor level, so that the anatomical interpretation of the involved electrodes remains tentative and would
benefit from source reconstruction. Finally, the present analysis pooled the two sides of the imagined movement
and focussed on the contrast between realistic and abstract stimuli; the lateralisation of the triadic interactions
and their dependence on the imagined hand are natural directions for future work.

5 Conclusion

Our study demonstrates that the form of the visual cue used to trigger motor imagery is associated with a
reorganisation of the between-subject pattern of triadic statistical regulation amongst EEG electrodes, rather than
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simply scaling the overall level of sensorimotor activation. Using the TRIM framework applied to the u-band power
of EEG recordings, we identified triads in which between-subject variations in the u-power of a third electrode
co-vary with the coupling between two sensorimotor electrodes, and we found markedly distinct patterns across
the two conditions. The abstract dot was associated with denser triads within the frontoparietal and sensorimotor
electrodes, with the u-power at frontal sites repeatedly co-varying with the strength of edges terminating at left
parietal cortex, a pattern compatible with a stronger reliance on internally generated, top-down control of the
imagined movement. In contrast, the realistic hand image was associated with fewer triads in which the p-power
of occipital electrodes structured sensorimotor coupling across both hemispheres, a pattern compatible with the
engagement of the action observation network when a body part is visually available as a template. Whilst this
cross-sectional analysis primarily characterises the network’s architecture at the cohort level, these findings clearly
indicate that beyond-pairwise descriptions of EEG connectivity carry information that pairwise measures cannot
reach, and they open the way to using the triadic interaction framework as a complementary tool for studying
task-related reorganisation of brain networks in motor imagery and beyond.
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