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ABSTRACT
Complex spontaneous brain dynamics mirror the large number of interactions taking place among regions, supporting higher 
functions. Such complexity is manifested in the interregional dependencies among signals derived from different brain areas, 
as observed utilising neuroimaging techniques, like magnetoencephalography. The dynamics of this data produce numerous 
subsets of active regions at any moment as they evolve. Notably, converging evidence shows that these states can be understood 
in terms of transient coordinated events that spread across the brain over multiple spatial and temporal scales. Those can be 
used as a proxy of the ‘effectiveness’ of the dynamics, as they become stereotyped or disorganised in neurological diseases. 
However, given the high-dimensional nature of the data, representing them has been challenging thus far. Dimensionality reduc-
tion techniques are typically deployed to describe complex interdependencies and improve their interpretability. However, many 
dimensionality reduction techniques lose information about the sequence of configurations that took place. Here, we leverage a 
newly described algorithm, potential of heat-diffusion for affinity-based transition embedding (PHATE), specifically designed to 
preserve the dynamics of the system in the low-dimensional embedding space. We analysed source-reconstructed resting-state 
magnetoencephalography from 18 healthy subjects to represent the dynamics of the configuration in low-dimensional space. 
After reduction with PHATE, unsupervised clustering via K-means is applied to identify distinct clusters. The topography of 
the states is described, and the dynamics are represented as a transition matrix. All the results have been checked against null 
models, providing a parsimonious account of the large-scale, fast, aperiodic dynamics during resting-state.
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The study applies the PHATE algorithm to source-reconstructed magnetoencephalography (MEG) data, reducing dimensional-
ity while preserving large-scale neural dynamics. Results reveal distinct configurations, or ‘states’, of brain activity, identified via 
unsupervised clustering. Their transitions are characterised by a transition matrix. This method offers a simplified yet rich view 
of complex brain interactions, opening new perspectives on large-scale brain dynamics in health and disease.

1   |   Introduction

Coordination among brain regions is needed to generate appro-
priate behavioural responses for cognition and to be ready during 
resting state (Uddin  2021). The interactions occurring among 
brain regions are mirrored by statistical correlations between 
signals representing the activities of the regions. In the healthy 
brain, the dynamics of these dependencies evolve into complex 
patterns, continuously rearranging themselves, even during 
the resting state (i.e. when a subject is not engaged in a specific 
task). More specifically, recent evidence suggests that interac-
tions among regions rapidly build and elapse as quickly, generat-
ing corresponding transient events of activities that spread over 
specific spatiotemporal trajectories. Over time, different subsets 
of brain areas participate in these transient coordinated events 
(Sorrentino et  al.  2021a). In other words, the interactions at a 
large scale do not occur continuously but, rather, intermittently 
(Sorrentino et al. 2023). The statistics of these events are gener-
ally described by fat-tailed distributions (e.g., power laws) (Palva 
et al. 2013; Hindriks and Tewarie 2023). In the context of critical 
dynamics, these transient collective fluctuations have been un-
derstood as ‘neural avalanches’ (Shine et al. 2019). Regardless 
of whether these transient events genuinely capture the pres-
ence of a dynamics operating near a critical point, converging 
evidence shows that the dynamics of these large-scale states is 
relevant for cognitive activities and is altered in case of neuro-
logical ailments. From there, we can ask ourselves, do patterns 
of activities spread preferentially along specific spatial trajec-
tories? Furthermore, is there a specific temporal order among 
such trajectories? Along these lines, several studies focused on 
the identification of altered brain dynamics via the definitions of 
microstates (Michel and Koenig 2018). Unlike these studies, we 
focused here on the dynamics of the aperiodic transient events 
of activities. We hypothesised that the subset of brain regions 
recruited by each event are not random but, rather, transient 
topographies are explored in a structured order with nontriv-
ial transition probabilities. We leveraged source-reconstructed 
magnetoencephalography data, which offer high spatiotempo-
ral resolution, from 18 healthy young adults, and described the 
sequence of events by their activation ‘patterns’, corresponding 
to the set of brain regions participating in each event. Previous 
research has highlighted that patterns of neuronal avalanches 
effectively pinpoint the locations and moments where activi-
ties resonate (Sorrentino et al. 2023), which is related to the re-
cruitment of brain areas during tasks (Corsi et al. 2024). Hence, 
feeding avalanche patterns to a state-of-the-art dimensionality 
reduction technique might help classify brain states and capture 
the main features of the high-dimensional avalanche patterns 
sequence (Cunningham and Yu 2014; Williamson et al. 2019). 
While a plethora of dimensionality reduction techniques exists, 
they often seem to fail preserving both the local and global sim-
ilarity of the large-scale brain activities (e.g., with t-distributed 
stochastic neighbour embedding (t-SNE) (Arora et  al.  2018)). 

potential of heat-diffusion for affinity-based transition embed-
ding (PHATE), on the other hand, preserves these aspects of the 
data structure in the low-dimensional representation, providing 
a smoother account of the evolution of the system and, hence, of 
the sequence of the patterns (Moon et al. 2019). Therefore, we 
utilised this algorithm to reduce the dimensionality of the data. 
The low-dimensional representations were then grouped into 
a number of ‘states’ using the k-means algorithm, and the to-
pography of each state was described. Finally, we demonstrated 
that neither the states we defined nor the transitions between 
them are expected by chance alone. When the network dynam-
ics are destroyed, for example, by temporal randomisation, the 
observed patterns also disappear.

2   |   Material and Methods

2.1   |   Data

2.1.1   |   Participants

A total of 18 right-handed native Italian speakers participated 
in the study. Participants were required to meet specific crite-
ria: They should be free from significant medical conditions, 
substance abuse and medications that could affect magneto-
encephalography/electroencephalography (MEG/EEG) signals. 
Additionally, they needed to be free from major systemic, psy-
chiatric or neurological illnesses and show no evidence of brain 
damage on routine magnetic resonance imaging (MRI) scans. 
The study was approved by the Ethics Committee ASL-NA1 
centro (Prot.n.93C.E./Reg. n.14-17OSS), and all participants 
provided written informed consent.

2.1.2   |   MRI Acquisition

Brain images were acquired using a 1.5 Tesla MRI scanner 
(SIGNA, GE Healthcare) with a 3D T1-weighted Magnetisation-
Prepared Gradient-Echo BRAVO sequence. Imaging parameters 
included a TR of 8.2 ms, TE of 3.1 ms and TI of 450 ms, with a 
voxel size of 1 × 1 × 1 mm3 and a 50% partition overlap across 324 
sagittal slices covering the entire brain.

2.1.3   |   MEG Acquisition

Magnetoencephalographic data were collected using a 
163-magnetometer MEG system in a magnetically shielded 
room (AtB Biomag UG, Ulm, Germany). Preprocessing fol-
lowed established protocols. Four coils and four reference 
points (nasion, right and left preauricular points and apex) 
were digitised using the Fastrak (Polhemus) prior to acquisi-
tion. Brain activity was recorded for ~7 min with eyes closed, 
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divided in two halves to reduce drowsiness. The head position 
was measured at the start of each segment. Data were sampled 
at 1024 Hz and filtered with a fourth-order Butterworth band-
pass filter between 0.5 and 48 Hz. Electrocardiogram (ECG) 
and electrooculogram (EOG) were recorded during acquisi-
tion. MATLAB 2019a and the Fieldtrip toolbox 2014 were used 
for preprocessing.

2.2   |   Data Processing

2.2.1   |   Preprocessing

To reduce environmental noise, principal component analysis 
(PCA) was employed. Noisy channels were manually removed 
through visual inspection by an experienced rater. Supervised 
independent component analysis (ICA) was utilised to re-
move ECG and EOG artefacts from the MEG signals. Trials 
free from artefacts or excessive noise were selected for further 
analysis. Typically, around 1 min of data was discarded due to 
artefacts.

2.2.2   |   Source Reconstruction

The MEG data were coregistered with native MRI scans 
(Sorrentino et al. 2018). A modified spherical conductor model 
served as the forward model. Voxels in the MRI were labelled 
according to the automated anatomical labelling (AAL) atlas, 
focusing on 78 cortical regions and 12 subcortical regions 
(Table ST1). A linearly constrained minimum variance beam-
former computed 90 time series, each corresponding to one 
region of interest, at a sampling frequency of 1024 Hz. An ex-
perienced rater visually inspected the reconstructed sources. 
The source-reconstructed signals were then downsampled to 
256 Hz.

2.2.3   |   Avalanche Pattern

For each subject, each source-reconstructed MEG time series 
was standardised (z-scored) and binarised based on a threshold 
fixed at three SD, following (Corsi et  al.  2024). Furthermore, 
we analysed the reliability of clustering across varying z-
thresholds. Specifically, we examined the entropy of the clus-
ters based on different thresholds and the correlation between 
the clusters obtained using different thresholds (Figure  SP1). 
Our analyses confirmed the robustness of the clustering ap-
proach across different z-thresholds. The entropy measures 
indicated a rather stable threshold selection, while high cor-
relations between results at different thresholds demonstrated 
consistency in cluster assignment. Together, these findings 
confirm that our results are not dependent on a specific choice 
for the threshold.

Deviations above the threshold, marked by ones in the binarised 
signals, tend to co-occur across subsets of brain regions, which 
suggests the presence of spatiotemporal correlations and collec-
tive behaviours operating across different cortical areas (Müller 
and Meisel 2023).

Based on the binarised signals, we defined neuronal avalanches 
as starting when at least one region is above threshold, and end-
ing when no region is above threshold (Corsi et al. 2024). Then, 
for each avalanche, we established an avalanche pattern as a vec-
tor of size N, with N representing the number of brain regions, 
containing 1 if a region was recruited during the avalanche (at 
any point and for any duration), and 0 otherwise. In other words, 
we analysed the spatial structure of each avalanche, while disre-
garding the internal structure.

We then concatenated all the unique avalanche patterns and 
used these as the input for the dimensionality reduction algo-
rithm, PHATE. Figures 1 and 2 provide, respectively, an over-
view of the pipeline and an overview of the various stages of the 
input data in a low-dimensional reduction with PCA.

2.2.4   |   PHATE

PHATE is an algorithm designed to visualise multidimensional 
data by a nonlinear dimensionality reduction that preserves, in 
the low dimensions, the local and global structure of the data. 
This algorithm is described in detail in Moon et al.  (2019). In 
a nutshell, the first step is the application of a PCA where only 
the most informative components are retained. In this study, 
the first five components were identified as the most significant 
based on the explained variance (percentage of the total vari-
ance) and their prominence in the cumulative variance plot (see 
Section 2.3 for more details, as well as Figure SP2). The proce-
dure to preserve local and global structures in low dimensions 
relies on calculating the distances between each avalanche pat-
tern (a point in high-dimensional space) using cosine similar-
ity (Figure  SP3). These distances are then transformed into a 
Markov-normalised affinity matrix using a kernel function. For 
our specific application, the kernel was configured to consider 
the five nearest neighbours, with an ɑ-decay of 1 (see below 
Section  2.3.2). Based on this, a diffusion probability is calcu-
lated and used directly to embed the cosine distance with multi-
dimensional scaling into a three-dimensional space.

2.2.5   |   Unsupervised Machine Learning: 
K-Means Clustering

After the dimensionality reduction via PHATE (or via a simple 
PCA as for Figure 3), we classified the points in low dimensions 
using unsupervised K-means clustering. This algorithm oper-
ates iteratively to group data into clusters. The first iteration 
randomly initiates a number (here k = 7) of cluster centroids. 
Each point in the training dataset is then assigned to the nearest 
centroid based on Euclidean distance (the method for selecting 
the number of centroids, k, is detailed in the Section  2.3 that 
follows). In the subsequent steps, each centroid is moved to 
the mean of the points assigned to it. After one iteration is fin-
ished, the next iteration will again assign each training sample 
to the closest cluster centroid and move those centroids again 
according to the mean of the points. Either a maximum num-
ber of iterations is fixed or the algorithm will continue until the 
change of position of the centroids is under a predetermined 
‘tolerated’ value.
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2.2.6   |   Transition Between Clusters

Based on the clusters identified by the k-means algorithm, we 
labelled each avalanche pattern and computed the transition 
probability matrix for each subject, capturing the transitions 
between clusters (Figure  4H). Additionally, we computed a 
global transition matrix that aggregates the avalanche pat-
terns across all subjects. Notice that the latter includes some 
‘false transitions’ due to the concatenation of avalanche pat-
terns belonging to different subjects. However, due to the low 
number of ‘false transitions’, this should not bias the esti-
mated probability.

2.3   |   Sensibility Analysis

Sensibility analysis was applied to evaluate the uncertainty 
about the most important parameters used in our pipeline: 

the number of components in the PCA and the ɑ-decay for the 
PHATE algorithm, as well as the number of clusters for the 
k-means.

2.3.1   |   Assessment of the Number of Components in 
the PCA of PHATE Algorithm

To determine the number C of components in the first step of 
PHATE, we plotted the PCA explained variance (percentage 
of the total variance) relative to the number of components. 
For this, the evolution of the cumulative explained variance 
was plotted against the number of components of the PCA (see 
Figure SP2). The optimal number of components was selected 
such that no visual significant difference in explained variance 
was observed by using C or C + 1 components, ensuring that 
adding more than 5 components does not significantly improve 
the explained variance.

FIGURE 1    |    Overall Pipeline steps. Magnetoencephalography (MEG) source-reconstructed signals are used to detect neural activity (A). After 
normalising each signal and z-scoring them, transient coordinated events of brain activity across multiple channels (i.e., neuronal avalanches) are 
identified (B). Each avalanche is then vectorised to define an ‘avalanche pattern’, capturing the active regions during the event and encapsulating the 
spatial and temporal information about brain activity (C). The dimensionality of the data is reduced using a technique called PHATE (D) (potential 
of heat-diffusion for affinity-based trajectory embedding), which helps visualise and interpret high-dimensional data in a low-dimensional space. 
Finally, K-means clustering is applied to the primary PHATE components to extract the final clusters (E), resulting in the identification of seven 
clusters characterised by their average activity vector (e.g., the Cluster 6) (F). The probability matrix of changing clusters (G).
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2.3.2   |   Assessment of the ɑ-Decay Parameter 
for the PHATE Algorithm

In order to fix the PHATE parameter ɑ-decay of 1, we first 
used empirical tests, trying to reduce it in order to capture 
the smallest local structures. However, a minimal value 

of the decay can be estimated by calculating the maximal 
distances between neighbours provided by the K-nearest 
neighbour algorithm (Figure  SP3). This estimation is 
based on the calculation of the kernel, which requires to 
provide a significant weight with the desired number of 
neighbours.

FIGURE 2    |    Low-dimensional reduction using PCA. The picture shows the time evolution of the system by subject in PCA space for the different 
steps of the pipeline and the low-dimensional reduction using PCA detection starting from normalised data (A), avalanche activity (B) and avalanche 
patterns (C). In each subplot, each dot represents the evolution of the whole system brain state at each instant along the first (PCA1) and second 
(PCA2) dimension. (The colour gradient from dark purple to yellow indicates the time evolution from the beginning to the end of the recording) for 
pooled data and the subject 0, 1 and 2 as examples. We notice how focusing on avalanches most details are discarded from the data, but this reveals 
an underlying structure that it is already possible to capture using PCA. It is interesting to consider that the duration (t end, around 6 min) varies for 
each subplot, as different subjects exhibit different durations.

FIGURE 3    |    Comparison of low dimensions of PCA and PHATE. The process of dimensionality reduction is done using the potential of heat-
diffusion for affinity-based trajectory embedding (PHATE) algorithm. Initially, PCA is used to reduce the data into five principal components, the 
three firsts are shown in the scatter plots (PC1, PC2 and PC3 in panels A, B and C, respectively). The data points are then further processed through 
PHATE, which reveals a more nuanced structure, effectively separating the clusters based on intrinsic data properties. This transformation is visu-
alised in a two-dimensional scatter plot of the first three axes (PHATE 1, PHATE 2 and PHATE 3 in panels D, E and F, respectively). It highlights 
distinct clusters, which are subsequently categorised using K-means clustering for seven clusters (indicated by various colours). For all panels, each 
point represents an avalanche pattern sorted on the axes of the primary components (PCA or PHATE).
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2.3.3   |   Assessment of the Number of Clusters in 
the K-Mean Clustering (For Different Kernels of PHATE)

We assessed the number of clusters by looking at three different 
graphical methods: the elbow measure, the silhouette method 
and the gap statistic (K-means Cluster Analysis).

The elbow method is based on a graph showing the within-
cluster-sum-of-square (WCSS) values for different numbers of 
centroids (k). We described the gain in explained variance as 
a function of the number of clusters (Figure SP4). The point 
of flexion provides an estimate for the optimal number of 
clusters.

The silhouette method (Figure  SP4) is based on plotting the 
average silhouettes of our observations for various numbers of 
centroids. A good clustering is indicated by a high average sil-
houette. The optimal k is the one that maximises the average 
silhouette.

The gap statistic method (Figure SP4) is based on comparing the 
difference, that is, gap, between the expected total intracluster 
variation and the observed one for a specific k. This is then re-
peated for different values of k and plotted as a function of the 
number of clusters. The higher the gap, the more a particular 
number of clusters provides a parsimonious account of the vari-
ance in the data.

To visualise the topography of the clusters, we computed how 
much each region is recruited in the patterns belonging to each 

cluster (summing the number of times each region is active in 
patterns belonging to a given cluster). This way, we describe 
cluster-specific topographies.

2.4   |   Validation

The robustness of the results was evaluated by comparing our ob-
servations to null models. In particular, we analysed the robust-
ness of (1) the activation pattern of each cluster (Figure 5A,B,C), 
(2) the transition prediction between clusters (Figures 5D,E,F, 
G, SP5) and (3) the dimensionality reduction (Figure 5H,I,J).

The null model hypothesis suggests that any observed differ-
ences in the studied characteristic from a dataset are attribut-
able to chance. The null model hypothesis suggests that any 
observed differences in the studied characteristic from a dataset 
are attributable to chance. Hence, for each robustness analysis 
(point 1, 2 and 3 in parts 2.4.1, 2.4.2 or 2.4.3, respectively), we 
shuffled 10,000 times the data to obtain a null distribution of the 
features; each analysis requires a different way of randomising 
the data, resulting in a different ‘null dataset’. Other than the 
shuffling of the data according to the studied features, we per-
formed for each null model, the same preprocessing, obtaining 
the avalanche patterns. Then, we applied the same PHATE and 
K-means clustering algorithms. We kept the identical dimension 
and cluster numbers across the various methods that we are 
comparing, avoiding hyperparameter optimisation. This way, it 
is possible to directly compare the entropies that are yielded by 
the different methods.

FIGURE 4    |    Output of the pipeline on brain images and matrices. The pipeline is applied on the avalanche patterns to reduce the dimension with 
PHATE and then cluster each avalanche with K-means algorithms. The result of the pipeline is the average activity of each cluster of our output 
projected on brain images (A, B, C, D, E, F and G). More precisely, it shows the projection on brain images of the statistical activation (yellow) or 
inactivation (dark blue) of cortical regions for each cluster. The second output of the cluster is (J) the probability of transition between each cluster, 
that is, the transition matrix.
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Finally, we computed the entropy for the null models 1 and 3, 
and the percentage of significant transitions for the model 2. We 
then compared the features between the existing dataset and the 
random ones, demonstrating if a statistical property in the data 
was to be expected by chance.

2.4.1   |   Robustness of the Activation Pattern 
of Each Cluster

First, based on the null model hypothesis, we wanted to test if 
the clusters obtained by our algorithm were informative and not 
random. As a result of the algorithm (PHATE and k-means), each 
avalanche pattern was associated with a cluster. From this asso-
ciation, as explained above, we described the activity pattern of 
each cluster, that is, a vector containing the average activation 
of each brain region (e.g., brain plots in Figure 4). To check that 
the clusters were nonrandom, we computed the entropy of the 
cluster matrix by concatenating the Nc cluster patterns, which 

resulted in an array x of length M = 90 ⋅ Nc, where 90 is the num-
ber of regions. We compared the empirical entropy to the ones 
observed in the null cluster patterns. The entropy (in nats) of 
the array x, H(x), was calculated based on Shannon's equation 
(Shannon 1948):

where xj corresponds to �i,n, which is the percentage of activity 
of i-th region inside the n-th cluster and M is the length of the 
concatenated cluster vectors.

This way, we obtained the distribution of the entropies of the 
null data, against which we compared the entropy of the clusters 
we observed from nonrandom labelling (Figure 5C).

Comparing our original output with the null output we also veri-
fied, for each brain region in each cluster, if any given region was 

H(�) = −

M
∑

j=1

(

xj × ln
(

xj
))

FIGURE 5    |    Robustness analyses. The figure highlights the three methods to check the robustness of our findings, based on null models. The first 
solution (null model 1) mixes cluster labels (A) and observes the entropy distribution (C) resulting from such shuffling (in black) versus our original 
one (red arrow). The panel B (as the following panel I) displays the partial vectors of all clusters (the full vectors are displayed in Figure SP6). In oth-
er words, they represent the sum of avalanches belonging to the cluster, resulting from the association of each avalanche to a specific cluster. More 
specifically, those panels show the significance of the probabilities of an avalanche recruited above chance, that is, ‘activated’ (blue), excluded above 
chance, that is, ‘inactivated’ (red), or not significantly recruited nor excluded (white) from a cluster. The second null model (null model 2) is based on 
shuffling the avalanche patterns' order (D) to test the robustness of the transition. Matrices E, F and G display, respectively, the probabilities of transi-
tions between each cluster for our original data, the significance of the probabilities of a cluster and the shuffled ones. The last one (null model 3) is to 
shuffle each active region in each avalanche pattern (H) and check the robustness of the dimensional reduction, computing the entropy distribution 
of the cluster label shuffled output (black distribution) and entropy measure of our original output (red arrow) (J).
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more (less) recruited in the patterns belonging to a particular 
cluster (Figures 5B and SP6). We did this by comparing the prob-
ability of any region being recruited in the observed clusters to 
the probability of the same regions being recruited in a pattern 
obtained after the 10,000 shuffling. We defined the significance 
threshold as 0.05.

2.4.2   |   Robustness of Transition Prediction 
Between Clusters

For each subject, we tested whether the transitions between 
the clusters were statistically significant. This involved gen-
erating shuffled sequences of each subject's data to serve as a 
baseline for comparison. Transition predictions between clus-
ters for each subject were then evaluated against these shuf-
fled sequences (Figure SP7). The transition probabilities of the 
original sequence were compared to those derived from the 
corresponding shuffled sequences, computing the correlation 
between them and yielding a p-value for each transition prob-
ability (Figure SP8). Looking at the resulting p-value matrix for 
each subject, we could identify statistically significant transi-
tions (both occurring more or less often than what is expected 
by chance alone) at a significance level of 0.05. The transition 
sequences per subject also enabled us to evaluate intersubjects 
variability (e.g., mean, standard deviation and coefficient of 
variation between the transitions).

Finally, we used the same method described in the paragraph 
above to determine whether the transitions between clus-
ters were nonrandom across subjects, as predicted by the null 
model. This analysis involved comparing the transition prob-
abilities from the concatenated sequences against those from 
10,000 shuffled sequences, mirroring the approach used for 
individual subject data (Figure 5F). We calculated the p-values 
for each transition probability in the concatenated sequences to 
assess statistical significance (Figure  5G). Similar to the indi-
vidual analyses, significant transitions were identified based on 
a threshold of 0.05.

This way, we could estimate to what extent the pattern of the 
transitions is shared among subjects. Indeed, if the prediction 
of transition is robust between clusters, an additional analysis 
can be done to identify consistent cluster transitions across indi-
viduals. This consistency would suggest that rather than being 
the result of individual variances or random variation, the ob-
served transitions are most likely indicative of the population 
under study.

2.4.3   |   Robustness of Dimensionality Reduction

To quantify the effectiveness of the dimensionality reduction, 
we used again the null model hypothesis, this time shuffling 
active and nonactive regions within each pattern. To this end, 
we shuffled the labels of all regions—both active and inac-
tive—within the input data for each avalanche prior to feed-
ing it into PHATE for dimensionality reduction, and k-means 
for clustering. Subsequently, we assessed the robustness of the 
dimensionality reduction by comparing the entropy of the low-
dimensional output obtained from the original data against the 

entropy distribution observed when starting from the 10,000 
shuffled data. As described above, we verified, for each region 
and for each cluster, the probability of the activation or deac-
tivation of the region if the null model hypothesis was true, 
providing an estimate of the confidence that the activations of 
any regions that are included in a given pattern are nonrandom 
(Figures 5H–J and SP6). We considered a statistical significance 
threshold of 0.2. The reduction of precision is due to the fact 
that the instances of the different clusters are not homogeneous 
(i.e., some clusters are present more often than others). As a 
consequence, the statistical power and the detectable effect size 
change across patterns.

2.4.4   |   Benchmarking Against Other Dimensionality 
Reduction Techniques

In order to interpret the goodness of the performance of the 
PHATE algorithm, we carried out the same preprocessing and 
then utilised different algorithms to classify the data. In partic-
ular, we have used PCA and spectral clustering. For PCA, it cor-
responds to the first step of the PHATE algorithm. We chose this 
to compare our results against a level of preprocessing that is as 
close as possible to what is being fed to the nonlinear steps of the 
algorithm. On the other hand, we chose spectral clustering since 
both techniques rely on spectral methods to capture the intrinsic 
geometry of high-dimensional data.

2.4.5   |   Scalability Analysis: Application 
of the Algorithm to a Larger Sample Size

To further validate our findings, we replicated them utilising a 
larger cohort of 44 subjects. We examined the clusters retrieved 
in both cohorts and visualised the corresponding differences 
(Figure  SP9). We also computed the average of the maximum 
correlation among the topographies of the clusters obtained in 
the two cohorts.

3   |   Results

3.1   |   Combining Neuronal Avalanches 
and Dimensionality Reduction to Characterise 
Brain Network Dynamics

Starting from the source-reconstructed MEG signals 
(Figure  1A), we identified the sequence of neuronal av-
alanches through a binarisation process; (Figure  1B; see 
Section  2) and defined for each avalanche the set of regions 
that were recruited as an avalanche pattern (Figure 1C). Then, 
we fed the sequence of avalanche patterns to the PHATE al-
gorithm to reduce their dimensionality (Figure 1D). This way, 
we preserved the spatial information about the patterns as 
well as their evolution over time. Applying the K-means algo-
rithm to the first components of PHATE (Figure 1E) allowed 
us to cluster the avalanche patterns into self-similar groups. 
Averaging the avalanche patterns within each cluster resulted 
in characteristic brain networks with nontrivial topogra-
phy (e.g., Figure 1F). Studying the original sequence of ava-
lanche patterns, and labelling the patterns according to the 
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corresponding cluster, we extracted the transition probability 
matrix, or Cluster Transition Matrix (CTM). We have also re-
peated the analysis using PCA as a dimensionality reduction 
technique, to compare the performance with that of PHATE. 
Note that neuronal avalanches are based on a binarisation al-
gorithm that greatly reduce the amount of information in the 
data: Signals can only have 0 (‘inactive’) and 1 (‘active’) val-
ues, and the threshold for binarisation is set in such a way that 
only a small percentage of time points (e.g., 5%) is considered 
as active. Nonetheless, focusing on neuronal avalanches prior 
to applying dimensionality reduction techniques (i.e., PHATE 
and PCA) allowed us to extract valuable information regard-
ing the topography and dynamics of brain states, while reduc-
ing the noise in brain data.

3.2   |   Focusing on Neuronal Avalanches Reveals 
Hidden Low-Dimensional Structure

To analyse the advantages of reducing data informed by neu-
ronal avalanche algorithm, we analysed the performance of 
dimensionality reduction techniques when applied to the 
source-reconstructed data (‘source data’) (Figure 1A), to the 
avalanche activity (i.e., without averaging the activity within 
each avalanche; Figure  1B) or to the avalanche patterns 
(Figure 1C). We start by focusing on the PCA dimensionality 
reduction, projecting the brain activity (source-reconstructed 
signals, avalanche activity or avalanche patterns) onto the 
first two PCA components (Figure 2). Feeding the avalanche 
patterns to the PCA (Figure 2C) highlights a more rich low-
dimensional data structure as compared to the normalised 
source data (Figure 2A) or to the avalanche activity (Figure 2B). 
In general, using the avalanche activity and the avalanches 
patterns (Figure  2B,C, respectively) improves the separa-
tion of the data points as compared to the normalised data 
(Figure 2A). Furthermore, as observed in Figure SP10, the use 
of avalanches highlights a common structure, removing the 
specificity of subjects and highlighting common structures. 
In the Supporting Information, we report the data reduction 
starting from the reconstructed z-scored MEG source signals 
(Figure  SP11), from avalanches (Figure  SP12) and from the 
avalanches patterns (Figure SP13) for all the subjects, and for 
each of the 18 subjects individually. This suggests that the 
avalanche analysis can enhance the interpretability, as well 
as the visualisation of the underlying neuronal dynamics as 
compared to using normalised source data. In other words, 
focusing on the avalanche patterns provides a theoretically in-
formed, yet data-driven way to select only a handful of points 
in time and space, which are most significant. Similar trends 
were observed employing PHATE to reduce the dimensional-
ity of the data (Figure 3; see also Figure SP14 where PHATE is 
applied to different levels of preprocessing).

3.3   |   PHATE Dimensionality Reduction 
Outperforms PCA on Brain State Identification

As explained in the methods, PHATE aims at preserving both 
the details and the high-level structures that are present in the 
high-dimensional representation of the data (Moon et al. 2019). 
The PHATE algorithm entails a preliminary dimensionality 

reduction step based on PCA, a heat-diffusion process to help 
denoising the data, while preserving the manifold distances in 
the lower dimensional embedding space.

Here, we applied PHATE or PCA to subject-specific avalanches 
patterns and extracted the main avalanche patterns clusters 
using K-means (as in Figure 1D,E).

Compared to PCA, PHATE retrieved clusters that are better 
separated, displaying a clearer three-dimensional structure 
(Figure 3). In fact, PCA fails to show a clearly identifiable num-
ber of clusters. The PHATE algorithm detected seven clusters, 
identifying more patterns in the data and, as a result, helping 
the clusterisation.

Figure  SP4 displays the elbow, silhouette and gap statistics 
graphs for both the PHATE and the PCA reductions.

In addition, the cumulative activations of each region indi-
cate that no specific region seems to drive the classification 
(Figure SP15). This would suggest that the clustering captures 
genuinely multivariate patterns.

3.4   |   Identification of Brain State Topographies 
Using PHATE Dimensionality Reduction

We visualised how often each brain region was recruited in 
each cluster, providing a topographical account of the clusters 
(Figure  1F—see Section  2 for more information). Figure  4, 
shows that the cluster-specific topography varies sharply, 
with each cluster showing an interpretable pattern of regions 
that are preferentially recruited. On the one hand, in Clusters 
3 (Figure  4C) and 5 (Figure  4E), the occipital regions are the 
most active. Clusters 2 (Figure  4B) and 4 (Figure  4D), on the 
other hand, display symmetrical activities in frontal regions, 
with minor involvement of the contralateral frontoparietal re-
gions. The frontotemporal regions are symmetrically involved 
in Clusters 1 (Figure  4A) and 7 (Figure  4G), while Cluster 6 
(Figure  4F) hinges around the sensorimotor regions. As seen, 
despite the clustering being data-driven, the clusters are rem-
iniscent of known anatomical/functional patterns, supporting 
the validity of the cluster-specific topographies.

3.5   |   Large-Scale Dynamics: Identification of Brain 
State Topographies

Studying the transition matrix between clusters (CTM; Figure 1G), 
we show that, despite neuronal avalanches being separated by long 
interavalanche intervals, their sequence is far from being a ran-
dom process. Much like an earthquake has a higher probability 
of being followed by aftershocks, we observe that the transition to 
the same cluster (i.e., as if the cluster is recruited multiple consec-
utive times) is the most probable transition, as shown by the high 
values of the main diagonal in Figure 4H (or Figure 1G). This can 
be seen as evidence that the system possesses a memory about the 
previously recruited pattern. The clusters could thus be considered 
quasi-stable in time. However, some intercluster transitions dis-
play a high probability of occurring. Overall, most transitions are 
occurring with a probability higher than chance-level, as shown 



10 of 14 European Journal of Neuroscience, 2025

in Figure SP16. Similarly, Figure SP17 displays the mean, standard 
deviation and coefficient of variation of the transitions between 
clusters for all subjects. We observed that the mean of the diago-
nal remains quite stable, around 0.2, with little variability except 
for Cluster 3, which has higher mean and higher variability, and 
Cluster 1, which shows high variability. Other features could be 
observed as well: Cluster 6 has a tendency to transit to Cluster 3, 
while the latter has a tendency to be recruited multiple times or 
to transit to Cluster 6. Finally, Cluster 1 has a tendency to transit 
to Clusters 2 and 3, while Cluster 2 has a tendency to transit to 
Cluster 1.

However, when displayed across subjects (Figure SP8), the sig-
nificance of the transition probability between clusters high-
lights a high variability. This observation, already visible in the 
matrices of transition probabilities across subjects (Figure SP7), 
could be explained by the short span of the recordings. However, 
Figure SP18 shows that the same transitions (i.e., between the 
same clusters) occur above/below chance across subjects. In 
other words, the dynamics we observed is consistent across sub-
jects, despite the dimensionality reduction being performed in-
dependently for each.

3.6   |   Sensibility Analysis and Statistical Validation

The sensitivity analysis, which has been carried out to test the 
robustness of our results (see Section 2), involved the evaluation 
of the number of components for the PCA within the PHATE 
algorithm and the optimal number of clusters for the K-means 
clustering. To this end, we considered various parameters and 
statistical or visual measures, such as the explained variance 
and the gap statistics.

3.6.1   |   Assessment of the Number of Components in 
the PCA of PHATE Algorithm

The assessment of the number of components in the PCA, 
which is carried out as the first step of the PHATE algorithm 
(Figure SP2) showed a marked drop until the fifth component 
(included). In fact, the explained variance went from about 0.125 
(percent of the total variance) with one component, to roughly 
0.35 with five components. When including more than five com-
ponents, there is only a modest increase of the explained vari-
ance. Therefore, we chose to proceed taking five components 
into account.

3.6.2   |   Assessment of the Number of Clusters in 
the K-Mean Clustering (For Different Kernels of PHATE)

We used three methods to help us define the number of clusters 
to classify the output of the PHATE algorithm: the elbow, the 
silhouette and the gap statistics (see Section 2). For each, we ran 
the PHATE algorithm, with a different number of clusters, fol-
lowed by the K-means algorithm. Then, we plotted the elbow, 
silhouette and gap statistic (Figure  SP4). We aimed at observ-
ing whether, as the number of kernels and PCA components in 
PHATE increased, the number of clusters would also increase. 
The elbow and the silhouette graphical outputs were difficult 

to interpret and did not yield a clear cut-off for choosing the 
number of centroids. However, the gap statistic indicated the op-
timal trade-off at k = 7 clusters, which was selected for further 
analyses.

3.6.3   |   Statistical Validation

To confirm the result of our analyses, the robustness of the re-
sults was assessed through various tests, as shown in Figure 5. 
These included (1) examining the informativeness of the clus-
ters as compared to random associations (Figure 5A), (2) testing 
the significance of transitions between clusters against random 
dynamics (Figure 5D) and (3) evaluating the stability of the clus-
ters across different subjects. Similarly, as already described, 
the robustness of the dimensionality reduction was verified by 
comparing the probability of a region being recruited (or not) 
in a given cluster, to what is observed given random clusters 
(Figure 5H).

In Figure  5C, it is shown that the entropy of the subject data 
is significantly lower than the entropy of random clustering. 
This indicates that the clustering generated by our unsuper-
vised method is more structured than the random clustering. As 
shown in Figure 5B,C, the null model demonstrates that the ini-
tial clusters are unlikely to be due to chance and, instead, reflect 
the recurrent coordinated activations (de)activations of specific 
groups of brain regions.

Then, Figure  5E shows that the transition probability ma-
trix (containing the probability of sequentially evolving from 
a state to another state) has higher values in the diagonal, as 
compared to the off-diagonal transitions. However, these prob-
abilities in the diagonal remain lower than what would be ex-
pected by chance alone (Figures SP5 and SP18). Furthermore, 
there are also preferential transitions between different states 
(i.e., some sequence of transitions occur more/less often than 
what is expected by chance). Lastly, according to the entropy 
plot in Figure 5J, we observe that the entropy of our cluster is 
significantly higher than the entropy distribution of the data 
in which the regions' status were shuffled. In other words, in 
this null model, where active and inactive regions were shuffled 
within patterns, no meaningful structure is present. Hence, the 
patterns of regional activation/deactivation within the clusters 
are unlikely to be random. Additionally, it shows that the di-
mensionality reduction preserves the structure of the manifold 
throughout the dimensionality reduction.

3.6.4   |   Benchmarking Against Other Dimensionality 
Reduction Techniques

As mentioned, we compared the performance of the PHATE 
algorithm to PCA and Spectral clustering. To compare PHATE 
with spectral clustering, we applied both algorithms to the av-
alanche patterns using the same preprocessing and processing 
steps described in the main text. This included noise reduction, 
source reconstruction, avalanche pattern creation, application 
of the chosen algorithm (either PHATE followed by K-means or 
Spectral clustering alone), entropy measurement and visualisa-
tion against brain images.
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For a direct comparison, we first analysed the data using the 
same number of clusters (7) for both methods, a choice based 
on PHATE's peak performance. This approach enabled a 
clearer evaluation of similarities and differences between the 
two techniques. The resulting cluster outputs are presented in 
Figures SP19 and SP20.

To quantitatively compare clustering methods (PHATE, Spectral 
clustering and PCA) and different preprocessing steps (cluster-
ing applied to source-reconstructed signals, normalised signals 
or avalanche patterns), we measured the entropy of the vecto-
rised cluster matrices (e.g., the first two matrices in Figure SP19; 
see updated methods in the main text). Higher entropy values 
indicate more complex but potentially noisier clusters, whereas 
lower entropy values suggest greater structure but possible re-
dundancy. Ideally, an optimal clustering approach balances 
structure and information richness, meaning intermediate en-
tropy values reflect a well-balanced state between order and 
disorder.

The performance of the three clustering algorithms, assessed 
through entropy measurements, is summarised in Figure SP21 
and Table  ST2. Our analysis indicates that both PHATE and 
spectral clustering perform comparably, producing more struc-
tured clusters (lower entropy) than PCA. Entropy values for 
these comparisons are reported in Table ST2. Additionally, we 
examined how entropy varies as a function of the number of 
clusters, with results presented in Figure SP20 and Table ST3.

Finally, we assessed the similarity of clusters obtained with 
PHATE, PCA and spectral clustering through correlation anal-
yses. Specifically, we correlated the topographies of the seven 
clusters obtained with each method. As shown in Figure SP22, 
different algorithms retrieve similar structures to some extent 
(e.g., PHATE Cluster 2 is highly correlated with spectral cluster-
ing Cluster 6 and PCA Cluster 1) but also generate distinct, non-
matching clusters (e.g., PHATE Cluster 4 does not have a clear 
counterpart in spectral clustering or PCA). Overall, PHATE 
clusters show higher correlation with spectral clustering than 
with PCA. To quantify this, we computed the maximum cor-
relation for each PHATE cluster with clusters derived from PCA 
and spectral clustering and then averaged these maximum cor-
relations separately for the two methods. The results, reported 
in Table ST4, highlight the degree of similarity between PHATE 
and the other clustering approaches.

3.6.5   |   Scalability Analysis: Application 
of the Algorithm to a Larger Sample Size

The comparison of retrieved clusters (Figure SP9) and their dif-
ferences revealed consistent topographical patterns. The aver-
age of the maximal correlation among cluster topographies in 
the two cohorts is equal to 0.78.

4   |   Discussion and Conclusion

A converging body of evidence shows that brain activities evolve 
according to complex, nonlinear dynamics (Zalesky et al. 2014). 
Measures such as the fractional occupancy, dwell-times and 

transition probabilities have been used to describe the dynam-
ical properties of the data (Song et al. 2023; Munn et al. 2023; 
van der Meer et al. 2020). These recurrent activation modes are 
modulated by a number of physiological phenomena (Liparoti 
et  al.  2024) and have been linked to health/disease (Cipriano 
et al. 2024; Lopez et al. 2024; Polverino et al. 2022; Sorrentino 
et al. 2021b), task performance (Corsi et al. 2024) or even con-
sciousness (Breyton et al. 2024).

In this work, we utilise eyes-closed source-reconstructed 
MEG scans from 18 healthy young adults during resting-state. 
Our work builds on recent evidence suggesting that nonlinear 
transient events, that is, neuronal avalanches, represent mo-
ments where regions interact creating transient configurations, 
‘states’. From this starting point, we could reduce the data com-
plexity through signal binarisation, which allowed us to iden-
tify transient coordinated events. Then, we applied the PHATE 
algorithm (Moon et al. 2019) to reduce the dynamics to lower 
dimensionality, and K-means clustering to reduce the number of 
states by grouping the avalanche patterns.

Neuronal avalanches can be understood as quasi-stable configu-
rations—or attractors—of the dynamics (Shriki et al. 2013). As 
the brain's activity evolves, it alternates between periods of un-
coordinated activity, where regions operate independently, and 
moments of transient coordination, corresponding to neuronal 
avalanches. Over time, the brain visits multiple attractors (ava-
lanche patterns), resulting in metastable dynamics. Importantly, 
not all states are visited: At rest, certain regions are more consis-
tently recruited in avalanches (‘coordinated’) than others. While 
brain dynamics are fine-tuned and, as mentioned earlier, its dis-
ruptions are related to disease, the specific trajectories (i.e., the 
sequence in which these states are visited) in the healthy brain 
remain largely unknown. We hypothesised that the transitions 
between states follow a regulated (i.e., nonrandom) sequence of 
avalanche patterns, with the successive topographies of these 
recruited patterns exhibiting a distinct structure. To test this hy-
pothesis, we compared our proposed methodology against vari-
ous surrogate models to demonstrate that the observed patterns 
are unlikely to have arisen by chance.

Despite neuronal avalanches occurring in less than 5% of the 
time points (e.g., there are only 3 s spent in avalanche activity 
out of 1-min recording), these events carry unique information 
about the brain dynamics. In fact, previous research focusing 
on the neuronal avalanche statistics, topography and propaga-
tion pathways showed the potential of these transient events 
as a marker of healthy brain dynamics (Breyton et  al.  2024; 
Rucco et al. 2020; Arviv et al. 2019). Thus, focusing on the se-
quence of avalanche patterns before feeding the data into di-
mensionality reduction or clustering algorithms might be a 
neurophysiological-principled way to reduce the computational 
demand and the noise while focusing on the ‘most relevant’ part 
of the data. Indeed, in this work, we showed reliable state identi-
fication by operating on the neuronal avalanche patterns, hence 
discarding the rest of the data. In order to achieve this, we em-
ployed dimensionality reduction techniques on the sequence of 
avalanche patterns.

The primary goal of dimensionality reduction is to shift through 
redundant information in complex, multimodal datasets without 
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relying on predefined assumptions. This approach maps the ef-
fective information contained in the original features to a low-
dimensional feature space. In this context, the evolution of the 
activity over time is often described as the system evolving over 
a low-dimensional surface (i.e., a manifold), rather than explor-
ing the full high-dimensional phase space (Idesis et  al.  2023; 
Rossi-Pool and Romo 2019).

When applied to the description of the evolution of neural dynam-
ics, dimensionality reduction techniques like PCA, ICA, t-SNE 
and uniform manifold approximation and projection (UMAP) 
are not explicitly designed to retain both local and global non-
linear relationships in the low-dimensional representation. For 
instance, t-SNE excels in visualising high-dimensional datasets 
by minimising the Kullback–Leibler divergence between joint 
probabilities in the embedding and the original data, but its out-
comes can vary due to the usage of gradient descent with ran-
dom initialisation for optimising a nonconvex problem (Arora 
et al. 2018).

Hence, these techniques might not be best suited for data with 
multiple, nested spatiotemporal scales, such as MEG data. In 
contrast, as mentioned earlier, PHATE preserves both local and 
global structures across scales, constructing a diffusion-based 
informational geometry that effectively captures manifold-
intrinsic distances, offering a detailed and scalable low-
dimensional embedding, which might be best suited for MEG 
data. Additionally, PHATE shows good denoising properties for 
clearer visualisation and provides robust, scalable visualisations 
that capture a broader range of patterns (Moon et al. 2019).

Furthermore, other techniques, such as time-varying dynamic 
state models (e.g., DyNeMo (Gohil et al. 2022)), as well as Hidden 
Markov Modelling (HMM), might be compared to PHATE in fu-
ture studies.

Regardless of the above, applying PHATE and K-means cluster-
ing to MEG avalanche patterns from healthy individuals led to 
the identification of distinct clusters corresponding to specific 
brain networks. In particular, based on the cluster identified by 
the K-means algorithm, we computed the transition probability 
matrix for each subject, capturing the transitions between clus-
ters and also a global transition matrix that aggregates the ava-
lanche patterns across all subjects. After testing the significance 
of transitions between the clusters, involving shuffled sequences 
of each subject's data to serve as a baseline for comparison, we 
found that the observed transitions are most likely indicative of 
the population under study and are not random and the transi-
tion to the same cluster is the most probable transition meaning 
that the system possesses a form of memory about the previously 
recruited pattern. Of note, it appears that certain states are pre-
ferred at the beginning of the recorded period, and some at the 
end. We speculate that this might be linked to infraslow dynam-
ics that cannot be properly captured by our data.

On one hand, the comparison with PCA reduction 
(Figure  3A,B,C), demonstrates the effectiveness of PHATE in 
capturing the flow of neural activities, enhancing both the clus-
ter identification and the visualisation of brain states. This ap-
proach was further validated through sensibility analysis and 
robustness testing, confirming the reliability of the findings 

(Sections 2.3 and 3.6.3). On the other hand, the comparison with 
spectral clustering, a technique that also utilises a spectral ap-
proach to capture the high-dimensional geometry of the data, 
shows comparable performances. This talks to some stability of 
the retrieved patterns, which can be found, once avalanche pat-
terns are extracted, with different algorithms. However, spectral 
clustering might be less suited for large datasets, as it requires 
the computation of all affinity matrices, which is demanding.

As per the generalisability of our findings, the replication of the 
main results on a different cohort is reassuring.

Dimensionality reduction techniques applied to resting-state 
data suffer, in general, from the lack of validation about the 
‘goodness’ of the clusters. To this end, we devised a large array 
of null models to extensively test both the spatial structure of the 
clusters, which is unlikely to emerge given a random clustering 
of the regions, and their evolution, which is not justified by a 
random sequence of the spatial clusters.

To our knowledge, this is the first study applying the PHATE al-
gorithm to MEG data. In particular, the algorithm had been al-
ready applied to EEG (Zhang et al. 2023) and fMRI data (Busch 
et al. 2023; Iyer et al. 2022; Rieck et al. 2020; Busch et al. 2024), 
where it is shown that PHATE could visualise brain states and 
help identify altered brain dynamics in early stages of schizo-
phrenia. While these studies have provided convincing evidence 
of the efficacy of PHATE (e.g., (Busch et al. 2024) with the T-
PHATE algorithm or (Iyer et  al.  2022) combining data from 
several sources, including fMRI), none of the previous works 
focused on neuronal avalanches (in MEG data).

It would nonetheless be interesting to further investigate limita-
tions of the PHATE algorithm regarding autocorrelating signals 
such as fMRI (Busch et al. 2023). Indeed, in such data, we may 
want to explore an approach combining PHATE with a model of 
signal autocorrelation. In addition, a study presents another lim-
itation of PHATE algorithm (Wängberg et al. 2022), as discrete 
structures could be more accurately defined, although it also un-
derlines PHATE's capability in preserving graph distances and 
local and global ones, assuming multiple tests of parameters are 
realised.

Moreover, we wish to stress that our model, while robust, is hard 
to validate, given the lack of available models that can repro-
duce realistic (i.e., large) functional repertoires of the aperiodic 
bursts. This problem is hard to circumvent. One future approach 
could be to seek external validation utilising data with differ-
ent stimuli (as opposed to the current dataset, which is acquired 
during the resting state). If different stimuli would map to dif-
ferent areas of the low-dimensional space, this would amount 
to an indirect validation of the appropriateness of our approach.

In the end, our study highlights the potential for such dimen-
sionality reduction for MEG data as well as the potential outputs 
that can be obtained from this. In that regard, further studies on 
MEG data may benefit from using the PHATE algorithm.

Our findings also reveal well-defined activation patterns, tem-
porality and spatially distinct, expressed in terms of transient 
coordinated events, in the brain activity among healthy subjects. 
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The clusters appear to be biologically meaningful, in that they 
either correspond to well-defined anatomical structures (e.g., 
the left and right frontal lobes in Figure  4), or they are remi-
niscent of known functional clusters, such as the default mode 
network. Crucially, if one performs dimensionality reduction 
directly from the source data (i.e., not from the avalanche pat-
terns), the algorithm fails to retrieve meaningful, nonrandom 
patterns. This can be observed in the Figure  SP14, panel A, 
where one can visually appreciate the loss of performance in the 
data separation. To sum up, the dynamics of spontaneous activ-
ities, based on avalanche patterns, is constrained to prefer spe-
cific sequences and to go across other sequences less often than 
expected (given the relative dwell-time across state, which is 
kept constant in the surrogates). Such constraints are preserved 
in the low-dimensional representations. In conclusion, our work 
demonstrates that brain dynamics can be understood as a fine-
tuned sequence of intermittent nonlinear transient coordinated 
events (neuronal avalanches) that modify their spatiotemporal 
structure over time. The implications are manifolds, as nonlin-
ear transient events are typically overlooked in favour of a more 
oscillatory perspective. This approach allows a theory-driven, 
mathematically principled way to vastly reduce the complexity 
of the data. After this step, the deployment of advanced dimen-
sionality reduction techniques successfully led to a parsimoni-
ous data-driven description of the large-scale dynamics.

Author Contributions

Annie E. Cathignol, Lionel Kusch, Giovanni Rabuffo and 
Pierpaolo Sorrentino: conceptualisation and methodology. Annie 
E. Cathignol, Lionel Kusch, Marianna Angiolelli, Giovanni 
Rabuffo and Pierpaolo Sorrentino: simulations and data analy-
sis. Annie E. Cathignol, Lionel Kusch, Marianna Angiolelli, 
Giovanni Rabuffo and Pierpaolo Sorrentino: formal analysis. 
Annie E. Cathignol, Viktor Jirsa and Pierpaolo Sorrentino: re-
sources. Annie E. Cathignol, Lionel Kusch, Marianna Angiolelli, 
Giovanni Rabuffo and Pierpaolo Sorrentino: writing–original 
draft. Annie E. Cathignol, Lionel Kusch, Marianna Angiolelli, 
Emahnuel Troisi Lopez, Arianna Polverino, Antonella Romano, 
Viktor Jirsa, Giovanni Rabuffo and Pierpaolo Sorrentino: 
writing–review–editing. Annie E. Cathignol, Lionel Kusch, 
Marianna Angiolelli, Emahnuel Troisi Lopez, Arianna 
Polverino, R.M., Antonella Romano, Viktor Jirsa, Giovanni 
Rabuffo and Pierpaolo Sorrentino: visualisation. Viktor Jirsa, 
Giovanni Rabuffo and Pierpaolo Sorrentino: supervision and proj-
ect administration. Viktor Jirsa and Pierpaolo Sorrentino: funding 
acquisition. All authors read and approved the final manuscript.

Acknowledgements

The work was supported by the European Union's Horizon 2020 research 
and innovation programme under grant agreement No. 101147319 
(EBRAINS 2.0 Project) and No. 101137289 (Virtual Brain Twin Project) 
and by the EBRAINS Italy nodo Italiano grant, CUP B51E22000150006.

Ethics Statement

The study was approved by the Ethics Committee ASL-NA1 centro 
(Prot.n.93C.E./Reg. n.14-17OSS), and all participants provided written 
informed consent.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data cannot be made public due to its personal nature, and as this 
was foreseen in the informed consent. The code is openly and publicly 
accessible at: https://​github.​com/​lione​lkusch/​patie​n-​analysis.

Peer Review

The peer review history for this article is available at https://​www.​webof​
scien​ce.​com/​api/​gatew​ay/​wos/​peer-​review/​10.​1111/​ejn.​70128​.

References

Arora, S., W. Hu, and P. K. Kothari. 2018. “An Analysis of the t-SNE 
Algorithm for Data Visualization.” In Proceedings of the 31st Conference 
On Learning Theory, 1455–1462. PMLR. Accessed July 24, 2024. https://​
proce​edings.​mlr.​press/​​v75/​arora​18a.​html.

Arviv, O., A. Goldstein, and O. Shriki. 2019. “Neuronal Avalanches 
and Time-Frequency Representations in Stimulus-Evoked Activity.” 
Scientific Reports 9, no. 1: 13319. https://​doi.​org/​10.​1038/​s4159​8-​019-​
49788​-​5.

Breyton, M., J. Fousek, G. Rabuffo, et  al. 2024. “Spatiotemporal 
Brain Complexity Quantifies Consciousness Outside of Perturbation 
Paradigms.” eLife 13: RP98920. https://​doi.​org/​10.​7554/​eLife.​98920.​1.

Busch, E. L., J. Huang, A. Benz, et  al. 2023. “Multi-View Manifold 
Learning of Human Brain-State Trajectories.” Nature Computational 
Science 3, no. 3: 240–253. https://​doi.​org/​10.​1038/​s4358​8-​023-​00419​-​0.

Busch, E. L., M. I. Conley, and A. Baskin-Sommers. 2024. “Manifold 
Learning Uncovers Nonlinear Interactions Between the Adolescent 
Brain and Environment That Predict Emotional and Behavioral 
Problems.” Biological Psychiatry Cognitive Neuroscience and 
Neuroimaging: S2451-9022(24)00173-3. Published online July 14, 2024. 
https://​doi.​org/​10.​1016/j.​bpsc.​2024.​07.​001.

Cipriano, L., R. Minino, M. Liparoti, et al. 2024. “Flexibility of Brain 
Dynamics Is Increased and Predicts Clinical Impairment in Relapsing–
Remitting But Not in Secondary Progressive Multiple Sclerosis.” Brain 
Communications 6, no. 2: fcae112. https://​doi.​org/​10.​1093/​brain​comms/​​
fcae112.

Corsi, M.-C., P. Sorrentino, D. Schwartz, et  al. 2024. “Measuring 
Neuronal Avalanches to Inform Brain-Computer Interfaces.” iScience 
27(1):108734. https://​doi.​org/​10.​1016/j.​isci.​2023.​108734.

Cunningham, J. P., and B. M. Yu. 2014. “Dimensionality Reduction for 
Large-Scale Neural Recordings.” Nature Neuroscience 17, no. 11: 1500–
1509. https://​doi.​org/​10.​1038/​nn.​3776.

Gohil, C., E. Roberts, R. Timms, et al. 2022. “Mixtures of Large-Scale 
Dynamic Functional Brain Network Modes.” NeuroImage 263: 119595. 
https://​doi.​org/​10.​1016/j.​neuro​image.​2022.​119595.

Hindriks, R., and P. K. B. Tewarie. 2023. “Dissociation Between Phase 
and Power Correlation Networks in the Human Brain Is Driven by Co-
Occurrent Bursts.” Communications Biology 6, no. 1: 286. https://​doi.​
org/​10.​1038/​s4200​3-​023-​04648​-​x.

Idesis, S., M. Allegra, J. Vohryzek, et  al. 2023. “A Low Dimensional 
Embedding of Brain Dynamics Enhances Diagnostic Accuracy and 
Behavioral Prediction in Stroke.” Scientific Reports 13, no. 1: 15698. 
https://​doi.​org/​10.​1038/​s4159​8-​023-​42533​-​z.

Iyer, K. K., K. Hwang, L. J. Hearne, et  al. 2022. “Focal Neural 
Perturbations Reshape Low-Dimensional Trajectories of Brain Activity 
Supporting Cognitive Performance.” Nature Communications 13, no. 1: 
4. https://​doi.​org/​10.​1038/​s4146​7-​021-​26978​-​2.

Liparoti, M., L. Cipriano, E. Troisi Lopez, et al. 2024. “Brain Flexibility 
Increases During the Peri-Ovulatory Phase as Compared to Early 
Follicular Phase of the Menstrual Cycle.” Scientific Reports 14, no. 1: 
1976. https://​doi.​org/​10.​1038/​s4159​8-​023-​49588​-​y.

https://github.com/lionelkusch/patien-analysis
https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/ejn.70128
https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/ejn.70128
https://proceedings.mlr.press/v75/arora18a.html
https://proceedings.mlr.press/v75/arora18a.html
https://doi.org/10.1038/s41598-019-49788-5
https://doi.org/10.1038/s41598-019-49788-5
https://doi.org/10.7554/eLife.98920.1
https://doi.org/10.1038/s43588-023-00419-0
https://doi.org/10.1016/j.bpsc.2024.07.001
https://doi.org/10.1093/braincomms/fcae112
https://doi.org/10.1093/braincomms/fcae112
https://doi.org/10.1016/j.isci.2023.108734
https://doi.org/10.1038/nn.3776
https://doi.org/10.1016/j.neuroimage.2022.119595
https://doi.org/10.1038/s42003-023-04648-x
https://doi.org/10.1038/s42003-023-04648-x
https://doi.org/10.1038/s41598-023-42533-z
https://doi.org/10.1038/s41467-021-26978-2
https://doi.org/10.1038/s41598-023-49588-y


14 of 14 European Journal of Neuroscience, 2025

Lopez, E. T., M. C. Corsi, A. Danieli, et  al. 2024 “Dynamic 
Reconfiguration of Aperiodic Brain Activity Supports Cognitive 
Functioning in Epilepsy: A Neural Fingerprint Identification.” iScience 
28, no. 1: 111497. Published 2024 Nov 28. https://​doi.​org/​10.​1016/j.​isci.​
2024.​111497.

van der Meer, J. N., M. Breakspear, L. J. Chang, S. Sonkusare, and 
L. Cocchi. 2020. “Movie Viewing Elicits Rich and Reliable Brain State 
Dynamics.” Nature Communications 11, no. 1: 5004. https://​doi.​org/​10.​
1038/​s4146​7-​020-​18717​-​w.

Michel, C. M., and T. Koenig. 2018. “EEG Microstates as a Tool for 
Studying the Temporal Dynamics of Whole-Brain Neuronal Networks: 
A Review.” NeuroImage 180, no. Pt B: 577–593. https://​doi.​org/​10.​1016/​
j.​neuro​image.​2017.​11.​062.

Moon, K. R., D. van Dijk, Z. Wang, et al. 2019. “Visualizing Structure 
and Transitions in High-Dimensional Biological Data.” Nature 
Biotechnology 37, no. 12: 1482–1492. https://​doi.​org/​10.​1038/​s4158​
7-​019-​0336-​3.

Müller, P. M., and C. Meisel. 2023. “Spatial and Temporal Correlations 
in Human Cortex Are Inherently Linked and Predicted by Functional 
Hierarchy, Vigilance State as Well as Antiepileptic Drug Load.” PLoS 
Computational Biology 19, no. 3: e1010919. https://​doi.​org/​10.​1371/​
journ​al.​pcbi.​1010919.

Munn, B. R., E. J. Müller, V. Medel, et al. 2023. “Neuronal Connected 
Burst Cascades Bridge Macroscale Adaptive Signatures Across Arousal 
States.” Nature Communications 14, no. 1: 6846. https://​doi.​org/​10.​1038/​
s4146​7-​023-​42465​-​2.

Palva, J. M., A. Zhigalov, J. Hirvonen, O. Korhonen, 
K. Linkenkaer-Hansen, and S. Palva. 2013. “Neuronal Long-Range 
Temporal Correlations and Avalanche Dynamics Are Correlated 
With Behavioral Scaling Laws.” Proceedings of the National Academy 
of Sciences 110, no. 9: 3585–3590. https://​doi.​org/​10.​1073/​pnas.​12168​
55110​.

Polverino, A., E. Troisi Lopez, R. Minino, et  al. 2022. “Flexibility of 
Fast Brain Dynamics and Disease Severity in Amyotrophic Lateral 
Sclerosis.” Neurology 99, no. 21: e2395–e2405. https://​doi.​org/​10.​1212/​
WNL.​00000​00000​201200.

Rieck B, Yates T, Bock C, K. Borgwardt, G. Wolf, N. Turk-Browne, 
S. Krishnaswamy. Uncovering the Topology of Time-Varying fMRI 
Data Using Cubical Persistence. In: Advances in Neural Information 
Processing Systems. Vol 33. Curran Associates, Inc.; 2020:6900–6912. 
Accessed June 9, 2024. https://​papers.​nips.​cc/​paper/​​2020/​hash/​4d771​
504dd​cd280​37b41​99740​df767​e6-​Abstr​act.​html.

Rossi-Pool, R., and R. Romo. 2019. “Low Dimensionality, High 
Robustness in Neural Population Dynamics.” Neuron 103, no. 2: 177–
179. https://​doi.​org/​10.​1016/j.​neuron.​2019.​06.​021.

Rucco, R., P. Bernardo, A. Lardone, et al. 2020. “Neuronal Avalanches 
to Study the Coordination of Large-Scale Brain Activity: Application to 
Rett Syndrome.” Frontiers in Psychology 11: 550749. https://​doi.​org/​10.​
3389/​fpsyg.​2020.​550749.

Shannon, C. E. 1948. “A Mathematical Theory of Communication.” Bell 
System Technical Journal 27, no. 3: 379–423. https://​doi.​org/​10.​1002/j.​
1538-​7305.​1948.​tb013​38.​x.

Shine, J. M., M. Breakspear, P. T. Bell, et  al. 2019. “Human 
Cognition Involves the Dynamic Integration of Neural Activity and 
Neuromodulatory Systems.” Nature Neuroscience 22, no. 2: 289–296. 
https://​doi.​org/​10.​1038/​s4159​3-​018-​0312-​0.

Shriki, O., J. Alstott, F. Carver, et al. 2013. “Neuronal Avalanches in the 
Resting MEG of the Human Brain.” Journal of Neuroscience 33, no. 16: 
7079. https://​doi.​org/​10.​1523/​JNEUR​OSCI.​4286-​12.​2013.

Song H, Shim WM, Rosenberg MD. Large-Scale Neural Dynamics in a 
Shared Low-Dimensional State Space Reflect Cognitive and Attentional 
Dynamics. Keilholz S, Behrens TE, Keilholz S, Shine JM, eds. eLife. 
2023;12:e85487. https://​doi.​org/​10.​7554/​eLife.​85487​.

Sorrentino, P., R. Rucco, F. Jacini, et al. 2018. “Brain Functional Networks 
Become More Connected as Amyotrophic Lateral Sclerosis Progresses: 
A Source Level Magnetoencephalographic Study.” NeuroImage: Clinical 
20: 564–571. https://​doi.​org/​10.​1016/j.​nicl.​2018.​08.​001.

Sorrentino P, Seguin C, Rucco R, Liparoti M, Lopez ET, Bonavita 
S, Quarantelli M, Sorrentino G, Jirsa V, Zalesky A. The Structural 
Connectome Constrains Fast Brain Dynamics. Behrens TE, Vidaurre 
D, Quinn AJ, O'Neill G, eds. eLife. 2021a;10:e67400. https://​doi.​org/​10.​
7554/​eLife.​67400​.

Sorrentino, P., R. Rucco, F. Baselice, et  al. 2021b. “Flexible Brain 
Dynamics Underpins Complex Behaviours as Observed in Parkinson's 
Disease.” Scientific Reports 11, no. 1: 4051. https://​doi.​org/​10.​1038/​s4159​
8-​021-​83425​-​4.

Sorrentino, P., E. Troisi Lopez, A. Romano, et al. 2023. “Brain Fingerprint 
Is Based on the Aperiodic, Scale-Free, Neuronal Activity.” NeuroImage 
277: 120260. https://​doi.​org/​10.​1016/j.​neuro​image.​2023.​120260.

Uddin, L. Q. 2021. “Cognitive and Behavioural Flexibility: Neural 
Mechanisms and Clinical Considerations.” Nature Reviews Neuroscience 
22, no. 3: 167–179. https://​doi.​org/​10.​1038/​s4158​3-​021-​00428​-​w.

Wängberg, T., J. Tyrcha, and C. B. Li. 2022. “Shape-Aware Stochastic 
Neighbor Embedding for Robust Data Visualisations.” BMC 
Bioinformatics 23, no. 1: 477. https://​doi.​org/​10.​1186/​s1285​9-​022-​
05028​-​8.

Williamson, R. C., B. Doiron, M. A. Smith, and B. M. Yu. 2019. “Bridging 
Large-Scale Neuronal Recordings and Large-Scale Network Models 
Using Dimensionality Reduction.” Current Opinion in Neurobiology 55: 
40–47. https://​doi.​org/​10.​1016/j.​conb.​2018.​12.​009.

Zalesky, A., A. Fornito, L. Cocchi, L. L. Gollo, and M. Breakspear. 2014. 
“Time-Resolved Resting-State Brain Networks.” Proceedings of the 
National Academy of Sciences 111, no. 28: 10341–10346. https://​doi.​org/​
10.​1073/​pnas.​14001​81111​.

Zhang, J., Y. Yang, T. Liu, et al. 2023. “Functional Connectivity in People 
at Clinical and Familial High Risk for Schizophrenia.” Psychiatry 
Research 328: 115464. https://​doi.​org/​10.​1016/j.​psych​res.​2023.​115464.

Supporting Information

Additional supporting information can be found online in the 
Supporting Information section.  

https://doi.org/10.1016/j.isci.2024.111497
https://doi.org/10.1016/j.isci.2024.111497
https://doi.org/10.1038/s41467-020-18717-w
https://doi.org/10.1038/s41467-020-18717-w
https://doi.org/10.1016/j.neuroimage.2017.11.062
https://doi.org/10.1016/j.neuroimage.2017.11.062
https://doi.org/10.1038/s41587-019-0336-3
https://doi.org/10.1038/s41587-019-0336-3
https://doi.org/10.1371/journal.pcbi.1010919
https://doi.org/10.1371/journal.pcbi.1010919
https://doi.org/10.1038/s41467-023-42465-2
https://doi.org/10.1038/s41467-023-42465-2
https://doi.org/10.1073/pnas.1216855110
https://doi.org/10.1073/pnas.1216855110
https://doi.org/10.1212/WNL.0000000000201200
https://doi.org/10.1212/WNL.0000000000201200
https://papers.nips.cc/paper/2020/hash/4d771504ddcd28037b4199740df767e6-Abstract.html
https://papers.nips.cc/paper/2020/hash/4d771504ddcd28037b4199740df767e6-Abstract.html
https://doi.org/10.1016/j.neuron.2019.06.021
https://doi.org/10.3389/fpsyg.2020.550749
https://doi.org/10.3389/fpsyg.2020.550749
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1038/s41593-018-0312-0
https://doi.org/10.1523/JNEUROSCI.4286-12.2013
https://doi.org/10.7554/eLife.85487
https://doi.org/10.1016/j.nicl.2018.08.001
https://doi.org/10.7554/eLife.67400
https://doi.org/10.7554/eLife.67400
https://doi.org/10.1038/s41598-021-83425-4
https://doi.org/10.1038/s41598-021-83425-4
https://doi.org/10.1016/j.neuroimage.2023.120260
https://doi.org/10.1038/s41583-021-00428-w
https://doi.org/10.1186/s12859-022-05028-8
https://doi.org/10.1186/s12859-022-05028-8
https://doi.org/10.1016/j.conb.2018.12.009
https://doi.org/10.1073/pnas.1400181111
https://doi.org/10.1073/pnas.1400181111
https://doi.org/10.1016/j.psychres.2023.115464

	Magnetoencephalography Dimensionality Reduction Informed by Dynamic Brain States
	ABSTRACT
	1   |   Introduction
	2   |   Material and Methods
	2.1   |   Data
	2.1.1   |   Participants
	2.1.2   |   MRI Acquisition
	2.1.3   |   MEG Acquisition

	2.2   |   Data Processing
	2.2.1   |   Preprocessing
	2.2.2   |   Source Reconstruction
	2.2.3   |   Avalanche Pattern
	2.2.4   |   PHATE
	2.2.5   |   Unsupervised Machine Learning: K-Means Clustering
	2.2.6   |   Transition Between Clusters

	2.3   |   Sensibility Analysis
	2.3.1   |   Assessment of the Number of Components in the PCA of PHATE Algorithm
	2.3.2   |   Assessment of the ɑ-Decay Parameter for the PHATE Algorithm
	2.3.3   |   Assessment of the Number of Clusters in the K-Mean Clustering (For Different Kernels of PHATE)

	2.4   |   Validation
	2.4.1   |   Robustness of the Activation Pattern of Each Cluster
	2.4.2   |   Robustness of Transition Prediction Between Clusters
	2.4.3   |   Robustness of Dimensionality Reduction
	2.4.4   |   Benchmarking Against Other Dimensionality Reduction Techniques
	2.4.5   |   Scalability Analysis: Application of the Algorithm to a Larger Sample Size


	3   |   Results
	3.1   |   Combining Neuronal Avalanches and Dimensionality Reduction to Characterise Brain Network Dynamics
	3.2   |   Focusing on Neuronal Avalanches Reveals Hidden Low-Dimensional Structure
	3.3   |   PHATE Dimensionality Reduction Outperforms PCA on Brain State Identification
	3.4   |   Identification of Brain State Topographies Using PHATE Dimensionality Reduction
	3.5   |   Large-Scale Dynamics: Identification of Brain State Topographies
	3.6   |   Sensibility Analysis and Statistical Validation
	3.6.1   |   Assessment of the Number of Components in the PCA of PHATE Algorithm
	3.6.2   |   Assessment of the Number of Clusters in the K-Mean Clustering (For Different Kernels of PHATE)
	3.6.3   |   Statistical Validation
	3.6.4   |   Benchmarking Against Other Dimensionality Reduction Techniques
	3.6.5   |   Scalability Analysis: Application of the Algorithm to a Larger Sample Size


	4   |   Discussion and Conclusion
	Author Contributions
	Acknowledgements
	Ethics Statement
	Conflicts of Interest
	Data Availability Statement
	Peer Review
	References


