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ARTICLE INFO ABSTRACT
Keywords: The brain displays intrinsic durations in its own spontaneous activity - Intrinsic Neural Timescales (INTs). INTs
Intrinsic neural timescales (INTs) are hierarchically organized, with shorter durations within unimodal regions and longer intervals in multimodal
Consciousness

domains. Despite significant progress, it’s currently not known whether the unimodal-multimodal hierarchical
organization undergoes recurrent changes itself - consistent with the existence of a dynamic repertoire of INT
topographies. To this aim, we characterized the dynamics of topographic INT states by clustering the dynamic
ACW-0 matrices in two different datasets: the source-reconstructed HCP resting-state MEG dataset, and a hd-EEG
resting-state dataset, composed of healthy individuals and people with disorders of consciousness (DoCs). We
found that healthy subjects display dynamic transitions between different INT states, which exhibit changing
degrees of uni-transmodal cortical hierarchies. These dynamic transitions show non-random behavior, with
moderate degrees of unpredictability and evidence of nontrivial memory effects. Unlike in healthy subjects, these
properties are disrupted in DoC patients, who exhibit less predictable INT state transitions and less memory
effects. Together, our results show a prominent role for the temporal richness of the transitions between different
INT topographic states in the awake state which, as evidenced by our results, is key for maintaining an adequate
level of consciousness.

Neural dynamics
Brain topography

1. Introduction principles. This topographic view of the brain, deeply rooted in neuro-
science’s history [1], has long guided our understanding of brain func-

In the intrinsically challenging landscape of modern neuroscience, tion. For instance, this view has led to the characterization of a striking
the spatial organization of neural features serves as a blueprint for feature pertaining to the brain’s spatial organization: namely, that
computational constraints and as foundation for functional organizing different macroscopic spatial trends display a very high degree of
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overlap [2]. In particular, this perspective has unveiled how several
cortical features (such as connectivity trends, gene expression, micro-
cortical structures, etc ...) can be placed on an almost identical contin-
uous axis of variance - a "cortical gradient", along the continuum of a
unimodal periphery and a transmodal core [3,4]. This organizational
principle explains most of the variance of these spatially distributed
features [5].

The brain’s spontaneous activity also exhibits timescales (or dura-
tions) - Intrinsic Neural Timescales (INTs) [6,7] - which are also known
to vary across cortical and subcortical networks. In fact, INTs are hier-
archically distributed [8-10] (a “cortical hierarchy” can alternatively be
codified as a “core-periphery” organization — see Ref. [3]) with longer
timescales in multimodal, higher-order brain areas and lower durations
on unimodal, lower-order areas: this has been shown in both fMRI [8,11,
12] and M/EEG [3,13]. Regions with shorter intrinsic durations are
highly responsive to brief, rapidly changing inputs, making them ideal
for processing highly detailed and dynamic information [14];
conversely, regions with longer intrinsic durations accumulate and
integrate information over extended periods, enabling more abstract
and complex cognitive functions. Within this spatial model of intrinsic
activity durations, information is progressively processed at increasingly
longer temporal windows, which promotes an increasing degree of
integration and abstraction along an uni-transmodal axis of variation
[7]1. Thus, the spatial arrangement of INTs further exemplifies the role of
cortical topography as a fundamental organizational principle of the
brain, shaping cognitive processes across various domains (see Ref. [7]
for a review). However, limited knowledge exists regarding the temporal
variability of INTs and whether their uni-transmodal topographic spatial
distribution across the cortical surface varies over time. While glimpses
into the dynamic nature of INTs have emerged [15], how INT topog-
raphy evolves over time remains a gap in the current scientific inquiry.

As a matter of fact, cortical topography itself can undergo either
spontaneous or task-driven transitory rearrangements. A notable
example can be found in functional connectivity (FC) studies where,
through the application of dimensionality reduction algorithms, such as
the k-means algorithm [16] (see also [17]) - which partitions dynamic
functional connectivity (dFC) matrices into spatial clusters - it has been
revealed that resting-state networks (RSNs) [18] undergo continuous
reorganization, even at short timescales [17,19-23]. Further, this dy-
namic view of brain topography is not specific to RSNs and has been
recently extended to several other spatiotemporal features of the brain’s
activity, leading to the current notion of “dynamic brain states” [24]: a
series of “spatially distributed patterns”, which are explored by the brain
in a non-trivial manner, reflecting its capacity to process information
efficiently [25]. This leads to understanding cortical topographies as
underlying factors of global modes of information processing - and their
relevance to brain functioning and consciousness [17].

Following this line of reasoning leads to the question of whether INTs
undergo a similar set of topographic rearrangements as a function of
time. Does the brain display a repertoire of dynamic topographies of
INTs, and are richer transition dynamics relevant for consciousness? Our
investigation followed a dual strategy. Initially, we utilized MEG resting-
state recordings from healthy subjects (HC) from the open access Human
Connectome Project dataset [26] to validate the approach proposed in
this study; more specifically, we aimed at determining whether clus-
tering algorithms could reveal spontaneous dynamic reorganization
over time in the topographic organization of INTs across the cortex of
healthy fully awake subjects. In fact, the use of source-reconstructed
MEG data offers the opportunity of enhanced spatial resolution,
enabling a comparison of the dynamic INT states’ topographic proper-
ties with established maps from unrelated studies but indexed in the
same coordinate space. This allowed us to explore the dynamic prop-
erties of the time series describing the transition between dynamic INT
topographies.

Secondly, we employed a high-density EEG (256 channels) dataset,
which included both healthy conscious subjects and individuals with
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disorders of consciousness (DoC) [27]. DoCs are clinical states charac-
terized by reduced or total loss of consciousness and are due to severe
acquired brain injuries; while its taxonomy is still debated [28,29], it
can be roughly described with two main diagnostic categories: the un-
responsive wakefulness syndrome (UWS) [30], which is characterized
by regular eyes opening but with no overt signs of consciousness, and the
minimally conscious state (MCS) [31], a less severe condition, which is
instead characterized by evidence of diminished, but fluctuating
behavioral responsiveness. In this second step, we investigated whether
disruptions of the dynamic features of the cortical topography of INTs
were consistent with disruptions of healthy conscious behavior.

This type of investigation may have the benefit of substantiating
even further the link between the brain’s topographic features and its
own intrinsic set of coordinates, laying the theoretical basis for a crucial
principle of brain function: although previous research has shown that
INT topographies follow a core-periphery organization [6], it is plau-
sible that these spatial patterns dynamically reconfigure in response to
environmental demands. This relationship between the dynamic fea-
tures of INTs and its topographic organization also has very important
implication for consciousness, as posited by the Temporospatial Theory
of Consciousness (TTC) [32,33]. TTC is a theory of consciousness that
starts with the assumption that the brain “constructs” its own intrinsic
spatial and temporal features, and that the way these spontaneous and
intrinsic features of neural activity relate to the external environment
are key to consciousness; based on this assumption, TTC aims to fill a gap
between neural and mental features of consciousness and proposes four
different neural mechanisms which map consciousness onto four
different dimensions. In TTC, it is suggested that a rich “repertoire” of
timescales forms the basis of healthier consciousness levels and a richer
phenomenology [7,33], which gives further theoretical ground to
exploring the topographic dynamics of INTs as an innovative opportu-
nity to characterize consciousness.

2. Results
2.1. MEG: basic topographic features of INT state properties

The time series data representing the dynamic evolution of intrinsic
timescales topography in the MEG resting-state recordings was sub-
jected to k-means clustering. K-means clustering was used for the pur-
pose of segmenting INT topographies into distinct recurring spatial
patterns, identifying the most representative topographic states over
time (further details in Methods section 4.7). Both of the optimization
criteria we employed resulted in the identification of an optimal solution
of four clusters (k = 4) (Fig. 1b), and this solution was selected for
further analysis. The four resulting maps, corresponding to distinct
intrinsic timescale topographies (or INT states), are displayed in Fig. 1a;
the correlation matrix representing the pairwise correlation between
each map is presented in Supplementary Fig. 2.

A qualitative attribute which is already discernible through visual
inspection is that most of these maps seem to display a cortical gradient:
shorter INTs are usually represented in more peripheral regions, which
suggests the presence of the well-known [3] hierarchical spatial orga-
nization of INTs. Each state’s average coverage (%) [34] is shown in
Supplementary Fig. 2a and in Supplementary Table 2.

Does this qualitative observation carry any topographic significance?
In order to test whether these maps followed a core-periphery organi-
zation, we divided the parcels into the 12-networks organization
described in the Methods section. A core-periphery ratio (C/P ratio)
index was obtained by dividing the average INT duration of the kth
map’s core regions by the duration of the periphery regions: the higher
the C/P ratio, the more the core-periphery organization is assumed to be
prominent. Results are displayed in Fig. 2. This did indeed yield different
degrees of core-periphery gradients in the four topographic INT states.
As the C/P ratio indexes the distance between INT lengths in core re-
gions and peripheral (unimodal) regions, it also quantifies how
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within-cluster variance

Fig. 1. MEG topographic plots of the four maps describing the repertoire of observable INT states, obtained with k-means clustering. a) INT states, which
we define as the recurrent topographic patterns of INTs found after clustering the dynamic ACW-0 matrices, are here depicted and numbered orderly from one to
four. These states are not ranked according to any arbitrary principle, and therefore the number assigned to each state does not identify them with any particular
property: however, we will refer to particular states by referring to our (arbitrary) number assignment. Colormap is organized as following: darker colors identify
higher INT durations; in brighter colors, lower values INT values; very light coloring indicates very low INT values. INT values range are here shown in relative
percentages, representing the relative magnitude of the INT lengths after data is normalized. b) the within-cluster variance vs k graph, which illustrates the opti-
mization criterion used in this study to select the best number of INT states. The optimal k is here shown as the knee point of the graph (k = 4, indicated by a red
circle), which represents the point after which there is lower decrease in the variance across clusters than with lower ks. (For interpretation of the references to color
in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 2. Uni-transmodal or Core-periphery organization and spatial hierarchy of the 4 INT state maps (in MEG). a) For each map, a 12-networks parcellation
scheme (upper figure) was applied, averaging INT lengths over parcels belonging to the same network; a legend is provided to interpret the colormap used in this
figure. Each network was consequently labeled as belonging to either core or periphery (bottom figure) as described in the Methods section. b) For each INT state
map, we show: its C/P ratio index, which is here defined as the ratio between the average of the core regions INT values and the periphery ones; a scatter plot
depicting the spatial correlation between the full, parcel-level INT state map and the myelination index map. In red, we highlighted maps which displayed a sig-
nificant correlation after a spatial permutation test (spin-test). Spatial correlation coefficients and their respective p-values after correction are reported in Table 1.
(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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relatively “short” the peripheral regions’ INTs are with respect to higher-
level regions. We observed C/P ratios higher than 1 in almost all maps,
which indicates shorter INTs in peripheral regions, in line with previous
findings.

To further substantiate the presence of cortical hierarchy in these
INT states, we spatially correlated each map with a myelination index
map (T1w/T2w ratio). The degree of myelination follows a cortical hi-
erarchy, with lower myelination in higher-order areas and higher
myelination in lower-order areas. Here, we use it as a proxy to assess the
hierarchical organization of our four INT states. Hence, higher or lower
correlation values between INT states and myelination do not imply that
INT values become independent or strictly dependent of myelin, but
rather indexes whether INT topographies follow a cortical hierarchical
gradient. Scatter plots depicting the pairwise spatial correlation for each
state can be found in Fig. 2b.

All maps correlated negatively with the myelination index map.
Among the 4 INT state maps, two maps (maps 2 and 3) passed the spatial
permutation statistical test (“spin-test”, Methods section 4.13): statisti-
cal significances and their relative spatial correlation indices are shown
in Table 1. These findings are coherent with a dynamic perspective on
INTs undergoing spontaneous reorganization with rearrangements of
their topographical distribution as a function of time.

Furthermore, a linear relation between the degree of cortical hier-
archy and the C/P ratio arises (Fig. 2b): the higher the degree of hier-
archy in the state under examination, the longer (on average) the
intrinsic timescales of that state in the core regions.

Together, we observed a hierarchical organization of INTs - in line
with recent findings [3,9,35,36] - while we also extended these findings
by showing dynamic transitions among different INT topographic states.

2.2. MEG: statistical properties of dynamic INT state transitions

The primary objective of this section is to ascertain the statistical
properties of the time series describing the dynamic transitions between
distinct INT states (an example of such time series can be found in
Supplementary Fig. 1a). We started by testing whether these time series
were the outcome of random processes by employing a runs test (see
Methods section 4.9). A runs test assesses the randomness of a sequence
by evaluating the occurrence and distribution of consecutive similar
values, thus detecting non-random patterns in data. The rejection of the
null hypothesis of randomness across all subjects and their respective
recordings provided compelling evidence for the presence of a non-
random process governing the observed topographic INT transitions.

Further, we show that the average time spent in a state (using pair-
wise within subject correlation with 30 windows in state 2, 15 in state
1, etc ...) is on average fairly high (r;2 = 0.71; r13 = 0.60; ra3 = 0.72)
across all three resting-state recordings. This suggests that the relative
percentage of time spent in the exploration of these states is consider-
ably stable within subjects across their different recordings.

A sequence of state transitions can be modeled as a Markov process
(see Methods section 4.10). A crucial feature of a Markov process is its
empirical transition (also known as “syntax”) matrix, which indexes the
probability of visiting, starting from a kth state, any given k state. The

Table 1

Spatial correlations between the kth INT topographic states and the mye-
lination index in MEG. In bold, the map number and their respective correla-
tion values that resulted significant after testing for significance. p-values are
obtained after a permutation “spin-test” and Holm-Bonferroni corrected for
multiple comparisons.

k p-value (spin test) Pearson’s R
1 >0.05 —0.2496
2 <0.01 —0.4722
3 <0.01 —0.5332
4 >0.05 —0.0052
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average transition matrix of the HCP dataset (Supplementary Fig. 1b)
reveals that self-transitions are more likely to occur on average than
transitions between different states. This suggests that transitions occur
on a longer timescale than the sliding window overlap size (90 %
overlap) with a certain stability over time. However, while we can still
observe that often self-transitions have a higher likelihood, a great deal
of heterogeneity can be observed when comparing syntax matrices
across different individuals (Supplementary Fig. 1c¢); this, instead, sug-
gests that there are significant inter-individual differences in how the
dynamics of transitioning between state unfold as a function of time.

From the transition matrix, one can also verify the memory proper-
ties of the system by testing against the properties of 0 and 1st order
Markovianity [34]. The null hypothesis of testing against o order
Markovianity states that the probability of transitioning to a state is not
influenced by information about the previous state. In all subjects,
across all recording sessions, this null hypothesis was rejected, indi-
cating a certain degree of memory of the state transitions time series
data. On the other hand, the null hypothesis against 1st order Marko-
vianity states that information about the current state is not influenced
by past states further than one. This hypothesis was rejected for
forty-four MEG recordings (Supplementary Table 3), suggesting that in
these recordings, memory could extend even beyond 1st order Markov
properties.

Having assessed the statistical properties of the transitions between
INT topographies, we also investigated the amount of temporal infor-
mation contained in these time series. To this end, we computed the
complexity of this categorial time series data on the full MEG sample
with the Context-Tree Weighting algorithm (Methods 4.11). Average
sample values (mean = 0.67; std = 0.30) were obtained. A non-
parametric bootstrap test showed that the observed CTW values did
not arise as a result of chance (mean = 0.88, p < 0.001). Moreover,
surrogate data testing based on the Iterative Amplitude Adjusted Fourier
Transform algorithm (Supplementary Methods 1.2) confirmed this
finding: test CTW values were significantly lower than those observed in
the surrogate-based INT state transition time series (p < 0.001). Rein-
forcing further prior observations about the intra-subject stability of INT
state estimation across different recordings, no significant differences
were found between within subject CTW values across the three
different resting-state sessions (in order, from first to third: mean = 0.64,
std = 0.19; mean = 0.68, std = 0.23; mean = 0.71, std = 0.21; n2 =
0.006) (Fig. 3c). An additional analysis which consisted in computing
the INT state transition’s Sample Entropy (SampEn) (m = 3, tau = 1)
confirmed the aforementioned findings (Supplementary Results 2.3).

Lastly, the memory properties of the transitions between INT states
were probed. A system which displays memory properties may display a
degree of self-association which decays exponentially as a function of
increasing time lags. If that applies, one can estimate the degree of
memory by fitting an exponential curve to the function describing its
self-dependency. One can then extract the decay rate parameter of the
resulting fit: a lower decay rate corresponds to a longer temporal reach
on the influence of a perturbation on the examined system — i.e. “more
memory” — and vice versa. The procedure in order to estimate these
properties of the transitions between INT states is described in Fig. 3.
Similarly to CTW, the decay rate of the Auto-Cramer’s function (Fig. 3d)
did not change significantly across the three available resting-state (in
order, from first to third: mean = 0.41, std = 0.13; mean = 0.41, std =
0.11; mean = 0.43, std = 0.11; nz = 0.003).

2.3. EEG: basic topographic features of dynamic INT states

Here, we investigated whether the temporal richness of INT states
exploration decayed along with loss of consciousness in people with
DoC, as predicted by TTC. [7,32,33]. To test for this hypothesis, we
applied the same procedure on a hd-EEG dataset consisting of DoC
individuals.

In concordance to what we observed MEG, the procedure applied to
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the EEG sample resulted in an optimal number of k = 4 maps describing
the variability of the topographic data (Fig. 4); as both optimization
criteria resulted in the selection of 4 maps, this was selected for further
analysis. The maps are shown in Fig. 4a.

Regarding group differences in the time spent in each INT state
(Fig. 4c), healthy subjects explored on average state 1 and 2 more
frequently: both states correspond qualitatively with the same spatial
gradient which is appreciable in “static” ACW topographies [37] and in
our MEG data too. On the other hand, both DoC populations spent a
significantly larger amount of time exploring state 4, which instead
seems to represent a less hierarchical and more “homogenous” INT
topography. A chi-square test between each group’s state coverage re-
veals significant differences for all states in the pairwise comparison
between HC and both UWS and MCS populations (p < 0.05), while
revealing no appreciable difference between DoC populations. Mean
coverage values are shown in Supplementary Table 1.

2.4. EEG: abnormal statistical properties of the transitions between INT
topographies in disorders of consciousness

Is the disruption of INT state transition dynamics associated with loss
of consciousness? To address this question, we assessed the statistical
properties of the INT states time series, separately for our three EEG
groups.

As already shown in the MEG dataset, the null hypothesis of
randomness (via the runs test) was rejected for all HC state transitions.
Unexpectedly, this applied as well to the UWS and MCS group, indi-
cating that, when consciousness is lost to different degrees, the transi-
tions between topographic INT states preserves a certain degree of non-
randomness, differently to what is expected from an entirely random
process.

Similarly to MEG, we tested the INT state transition time series data
against 0% and 1st order Markovianity, starting from the obtained
transition matrices. In the HC population, all 0 order test were rejected
for all recordings, as expected; moreover, all null hypotheses were also
rejected for both DoC groups. This indicates that, even when con-
sciousness is lost, a certain degree of memory is still preserved in the
dynamics of INT state transition process. Regarding 1st order Marko-
vianity, the null hypothesis was rejected for almost all HC subjects
(Supplementary Table 4), which confirms that in healthy conscious
conditions memory extends past beyond the immediate previous INT
topography. Surprisingly, in seven MCS and four UWS subjects
(Supplementary Table 4), the null hypothesis was rejected.

In the next step, we compared the complexity values extracted from
the INT state transitions of both conscious and unconscious groups, by
computing CTW (Fig. 5a). A non-parametric statistical test indicated
that populations differed significantly (p < 0.05; mean HC = 0.67, std
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HC = 0.31; mean DoC = 0.78, std DoC = 0.26; p < 0.05; n2 =0.5). Holm-
Bonferroni-corrected pairwise post-hoc comparisons (Supplementary
Fig. 4a) revealed a significant difference between the HC and the UWS
group (mean UWS = 0.83, std UWS = 0.32; p < 0.01, z = —2.4) but not
between the HC and the MCS group (mean MCS = 0.78, std MCS = 0.26;
p > 0.05, z = —1.4), and the UWS and MCS groups (p > 0.05, z = 1).
When grouping both DoC populations, their pairwise comparison with
healthy controls remained significant (p < 0.05, z = —2.3). Overall, the
two DoC groups showed significantly higher CTW values when
compared to healthy conscious subjects, which is consistent with a more
random exploration of INT topographies over time. A multiple com-
parison corrected confirmatory analysis, using the SampEn (m = 3, tau
= 1) entropy estimator, further substantiated these findings (Supple-
mentary Results 2.3 and Supp Fig. 5a and Fig. 6a).

This is further confirmed by that bootstrapping temporally shuffled
INT state transitions yielded a very highly disordered behavior (mean
CTW = 0.89), significantly different from the observed empirical
average mean values (for all groups, p < 0.001). Similarly to our find-
ings in the MEG sample, we also applied a surrogate test (based on the
IAAFT algorithm, Supplementary Methods 1.2): the HC population CTW
values remained significantly lower than the surrogates (p < 0.001),
while interestingly enough, the surrogate test on the DoC sample did not
result in significantly different CTW values (p > 0.05).

Additionally, to test whether the unpredictability of INT state tran-
sitions predicted the behavioral responsiveness of DoC patients, we
correlated the obtained CTW and SampEn values with the corresponding
CRS-R scores: this did not result in a significant correlation for both
measures (p > 0.05).

Regarding the memory properties of the transitions between INT
states, we found significant differences in the three groups’ decay rates
(mean HC = 0.30; mean UWS = 0.39; mean MCS = 0.36; p < 0.05, nz =
0.12). The HC sample displayed a lower decay rate estimate on average.
Post-hoc comparisons showed significant differences only between the
HC and the UWS population (p < 0.05, z = —2.1), but not between HC
and MCS (p > 0.05, z = —1.1) and UWS vs MCS (p > 0.05, z = 1.3)
(Supp. Fig. 6b). Resulting p-values were Holm-Bonferroni corrected.
When grouping UWS and MCS as a single DoC population, the difference
remained significant (Fig. 5b, p < 0.01, z = —2.7).

We conducted a series of control analyses to assess the potential
influence of alpha oscillations and aperiodic activity on our findings for
both samples (Supplementary Methods 1.1, 1.5, and 1.6). As shown in
Supplementary Results 2.2, 2.4, and 2.5, while both components appear
to contribute to some degree, there is no indication that they solely drive
the observed effects, either in terms of topographic patterns or temporal
dynamics. Specifically, we observed a moderate correlation between
EEG alpha power and map #4 (rho = 0.52) and a weaker negative
correlation for the FOOOF aperiodic exponent with map #3 (tho =

b)

Memory effects of dynamic INT state transitions
as a function of consciousness

* %

Decay rate (a.u.)

Fig. 5. Randomness and memory effects of the dynamic INT transition time series as a function of different states of consciousness. a) Violin plots depicting
the subject-wise average CTW values of the dynamic INT transition time series in healthy wakeful consciousness (HC), compared the DoC population. In all violin

plots, * indicates p < 0.05, ** indicates p < 0.01 and *** indicates p < 0.001. The absence of any sign stands for non-significance (p > 0.05). b) Violin plots depicting
the subject-wise average decay rate of the exponential fit to the dynamic INT transition time series in healthy wakeful consciousness (HC), compared to DoC.
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—0.31), indicating that these spectral features have only a modest
relationship with INT topographies.

3. Discussion

We investigated the brain’s spontaneous topography of Intrinsic
Neural Timescales (INTs) and its dynamic behavior, modeled as a series
of transitions between different scalp INT distributions. Our methodo-
logical strategy involved the estimation of INT dynamics, by using the
well-known Autocorrelation Window — 0 (ACW-0) with a windowed
approach, with the consequent use of a k-means clustering algorithm to
partition the data into a k set of topographic INT maps. A graphical
abstract, which synthetize the methods and findings of this study is
provided in the text.

The novelty of this approach demanded special attention, especially
regarding the validity of the methodology applied. Clustering algo-
rithms are a very popular choice in neuroimaging studies, which most
popularly led to a whole area of investigation: microstates analysis [38].
However, to our knowledge, the dynamics of INT topography have not
been investigated yet with such methods. The goal of the first section of
this study was therefore to assess that clustering methodologies can
identify appropriate topographic characteristics of INTs.

3.1. INT dynamics and topographic transitions

It is established that one of INT’s most remarkable features is its
hierarchical organization on the cortical surface [3,9,11]. This peculiar
spatial organization, which can also be expressed as a “core-periphery”
topography [3], is known to support hierarchical processing of the
temporal information contained in the incoming inputs, from shorter
durations typically processed in unimodal regions to longer durations
that are processed in higher-level, multimodal areas. Here, we show that
two of the four INT states obtained on the HCP MEG resting-state dataset
follow a significant hierarchical organization; this was done by spatially
correlating each INT state to a myelination index map [39], which was
used as a proxy to quantifying an “index” of cortical hierarchy - as in
Ref. [40-42]. The correlation matrix displayed in the Supplementary
Fig. 2b, together with the varying correlations with the myelination
map, confirms that the INT state maps exhibit distinct spatial distribu-
tions. Indeed, a significant amount of spatial correlation can be observed
between these different maps; this is a finding that is coherent with the
functional significance of a core-periphery topography. Therefore, this
seems to indicate that INT maps maintain a core organization while
transiently shifting in their spatial distributions, rather than undergoing
a complete reorganization. We also show that the degree of hierarchical
organization goes hand in hand with a core-periphery organization [3]:
the higher the hierarchy “index”, the more pronounced the distance
between core and periphery regions.

Additionally, as measuring INT lengths ultimately relies on calcu-
lating the neural signal’s autocorrelation function — which is known to
be tightly related to its spectrum [43], INT map topography might be
influenced by well-known spectral properties such as the total power in
the alpha (8-13 Hz) range and the aperiodic spectrum exponent [44]. As
these factors—namely, posterior alpha power and the aperiodic expo-
nent—may causally influence the observed INT state maps, we per-
formed several additional analyses to investigate their potential
contributions. A first approach involved measuring the map similarity
between the topographic maps of alpha power and the aperiodic expo-
nent and the INT state maps in both MEG and EEG datasets
(Supplementary Methods 1.2 and 1.3). The results, reported in Supple-
mentary Results 2.2, revealed only modest associations, expect for: a
moderate correlation between the aperiodic exponent and map #4 in the
EEG sample, likely reflecting the marked homogeneous topography of
this INT state map - with longer INT values in posterior regions, typically
seen in lower states of consciousness (Fig. 4); a moderate correlation
between the EEG alpha power topography and map #4. We interpret the
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discrepancies between MEG and EEG as reflecting methodological lim-
itations in EEG source localization, which may reduce the ability of INT
maps to capture fine-grained hierarchical patterns. Additionally, to
corroborate these findings, map similarities were computed using
Euclidean and cosine distance as a similarity index, instead of Pearson’s
r (Supplementary Methods 1.2). Findings did not differ significantly,
except for a significant correlation of both scalp distributions with INT
state #4 (Supplementary Tables 9 and 10).

A complementary approach tested the robustness of our findings by
controlling for potential confounding signal components. Alpha oscil-
lations were removed by notch-filtering around each subject’s individ-
ual alpha frequency (IAF), and the full analysis was repeated (see
Supplementary Methods 1.7). The resulting INT state maps and dy-
namics remained largely consistent with original findings, despite some
differences in optimal state numbers and transition entropy values
findings (Supplementary Results 2.4). Additionally, we controlled for
aperiodic EEG components by estimating INTs directly from power
spectral density, which showed significant topographical similarity to
ACW-0 derived maps (Supplementary Results 2.5).

Taken together, these findings suggest that although spectral mea-
sures may contribute to INT topography and contribute with meaningful
information, their influence appears relatively modest and do not point
to strong confounding effects, indicating that spectral properties of the
neural signal do not solely account for the observed spatiotemporal
patterns, corroborating the robustness of our findings. Nonetheless, the
possibility of partial confounding cannot be entirely excluded, and this
issue will require more systematic investigation in future studies.

3.2. The relevance of non-random INT state transitions

Assessing the temporal statistics of spontaneous transitions between
different INT topographies unveiled the presence of a non-trivial dy-
namic behavior in the topographic organization of INTs in a healthy
conscious population, display significant memory effects and a moder-
ate degree of unpredictability, as shown collectively by the violation of
Markov properties, and our CTW and Sample Entropy (SampEn) results.
We therefore suggest that our findings show the dynamic transition
between the different INT topographies is not generated by a random
process, therefore carrying a significant degree of information.

First, violations of 0™-order Markovianity is interpreted as evidence
that transitions between INT topographies follow a nontrivial structure,
rather than occurring as random, memoryless sequences.

In this study, CTW served as an estimator of the entropy rate of the
INT state transition time series, capturing the degree of randomness in
the sequence of state changes, while SampEn quantified the regularity of
repeated temporal patterns within the same series. In both cases, higher
values indicated more unpredictable, random-like transitions, whereas
lower values reflected more stereotypical and deterministic sequences.
Within the context of INT state dynamics, we interpret intermediate
values of both metrics as reflecting a repertoire of transitions that bal-
ances stability with flexibility—suggesting a functionally advantageous
regime for adaptive neural processing, generally implying a balance
between prediction and chance in the INT topographic state transitions
[45]. SampEn and CTW values do not necessarily converge, which
further suggests that INT state transitions are both more irregular
(SampEn) and display more randomness in INT state-to-state evolution
(CTW) in DoCs. While we acknowledge that SampEn and CTW may
target different aspects of temporal complexity, the qualitative similar-
ity of the findings obtained here results in the interchangeable use of the
terms “complexity” and “entropy” when referring to the unpredictability
of INT state transitions.

The effects of randomness on CTW values can be observed by
temporally shuffling the state transition time series, with CTW
approaching its higher limit, as we observed here. Further, our surrogate
analyses underscore the nuanced interpretation of CTW. Temporal
shuffling produced highly disordered dynamics, significantly above
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empirical values in all group, confirming meaningful temporal structure.
Contrary to expectations. the IAAFT test yielded significantly higher
complexity in healthy individuals but no significant differences in DoC
patients. This pattern suggests that while HC signals preserve structured
dynamics, the already disordered repertoire in DoC limits the sensitivity
of surrogate testing. Moreover, because IAAFT preserves autocorrelation
and power spectra while scrambling phases, it may normalize the signal
by removing nonstationary components, thereby affecting clustering
outcomes. We suggest that further evidence is needed to clarify the
interpretation of complexity metrics in future works, with longer re-
cordings and individual-level clustering, which we argue will be
essential to disentangle the roles of entropy, nonstationarity, and
repertoire richness.

The decay rate of categorical autocorrelation is interpreted as an
index of how long past INT states continue to influence future transi-
tions, with slower decay reflecting greater temporal memory in the
system. These findings complement the analysis on Markovian proper-
ties, attempting a quantification of INT state transitions memory
properties.

Overall, these results suggest that the spontaneous exploration of
different INT topographies is underpinned by a non-random dynamic
process. The consistency of these findings across different recording
sessions further substantiates the coherence of the approach.

What is the computational advantage that a spontaneous rear-
rangement of the spatial organization of INTs could confer to the way
the brain processes the temporal information of incoming inputs?

Although our results provide evidence for the dynamic behavior of
the cortical arrangement of INT values, it is actually plausible that this
topography undergoes multiple rearrangements: if the process under-
lying these INT state maps is indeed dynamic and functionally signifi-
cant, merely replicating a static hierarchical organization would be of
limited value—particularly considering the brain’s need to swiftly adapt
to the evolving temporal statistics of its environment. In line with this
view, recent work has shown that cortical timescale gradients them-
selves can dynamically shift, not only in their local topography but also
through non-local interactions between regions [46]. We therefore
suggest that adapting to the temporal statistics of the environment re-
quires not only intraregional modulation of INTs but also relatively
rapid changes in their hierarchical organization, supporting a moder-
ately complex repertoire of INT states.

Remarkably, both optimization criteria supported an optimal num-
ber of 4 INT states in both modalities (MEG and EEG). Interestingly, this
corresponds to the number of microstates consistently identified across
the literature (Bréchet and Michel, 2022; [38]). Microstate analysis is a
well-established approach for characterizing “global patterns of scalp
potential topographies” and their dynamics ([38]; Rubega et al., 2024),
and are thought to reflect instantaneous interactions between networks
(Koenig et al., 2002) which can also predict cortical connectivity pat-
terns (Abreu et al., 2021). Given the direct relation between connectivity
and INTs ([11,47]; Ryan V Raut et al., 2020), a link between microstates
and INTs is plausible - though highly speculative at this stage - and
warrants direct investigation in future studies.

3.3. Relevance of INT state transitions for consciousness

One main finding of this work is that the dynamics of INT states
deteriorate as consciousness is lost, as posited by the Temporo-spatial
Theory of Consciousness (TTC) [32,33]. Additional validation of our
findings were corroborated by a stability analysis across bootstrapped
subsets of both datasets (see Supplementary Results 2.7).

Within the theoretical framework of TTC, the brain’s dynamic
features— and most notably for the present study, the spontaneous
fluctuations of intrinsic neural timescales—are fundamental to under-
standing consciousness [32,33]. Furthermore, the way these timescales
are spatially distributed across the cortex is critical for processing tem-
poral information from incoming stimuli [6,33]. Importantly, our results
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reveal that the temporal aspects (INTs) and the spatial aspects (cortical
topography) converge in this study, highlighting their combined role in
underpinning conscious experience, which is coherent with other
studies [48]. As a matter of fact, in TTC it is argued that an adequately
complex repertoire of timescales should enhance the flexibility of this
temporal input processing mechanisms [7], promoting more flexible and
adaptive neural dynamics which, in turn, underpin higher levels of
consciousness and a richer phenomenological experience. Our findings
provide empirical support for this idea.

We demonstrate that INT state transitions are produced by non-
random processes, even in the absence of behavioral consciousness
signs. Furthermore, 1st order Markovianity often inadequately models
INT state transitions in healthy subjects, suggesting high memory
extending beyond immediate past states. The relevance of INT state
dynamics extends beyond TTC predictions, aligning with Integrated
Information Theory (IIT) [49] and the Entropic Brain Hypothesis [50].
Both theories emphasize complex neural dynamics as consciousness
hallmarks: a richer yet structured "dynamic repertoire" of INT states may
enhance brain sensitivity to temporal environmental information,
consistent with the Entropic Brain framework. We propose that the
flexibility provided by dynamic INT states reveals correspondence be-
tween the cause-effect structure underlying consciousness’s physical
substrate and phenomenological properties of temporal experience.

Surprisingly, a subset of patients in both DoC groups displayed INT
dynamics—such as 1st-order Markovianity of state transitions—closely
resembling those observed in healthy individuals, despite the overall
group differences. This suggests that our approach may capture clini-
cally relevant heterogeneity within the DoC population, beyond the
coarse distinction from healthy awake subjects. Here, we did not observe
a significant correlation between the unpredictability of INT state
transitions and CRS-R scores; however, this should not be interpreted as
conclusive evidence against its relevance for assessing consciousness.
The null result may reflect limitations in our current characterization of
INT dynamics or the known variability and constraints of behavioral
assessments like the CRS-R [51], which may not fully capture underlying
neural processes [28]. Importantly, previous studies have shown that
entropy-based measures of neural complexity and unpredictability can
differentiate levels of consciousness [52]. While our approach focuses
specifically on the temporal evolution and repertoire of INT states rather
than raw signal complexity, the general trend aligns with the notion that
more complex or less predictable neural activity corresponds to higher
levels of consciousness. Supporting this, supplementary analyses
(Supplementary Fig. 11) show that average SampEn values in the EEG
sample are generally lower in DoC patients compared to healthy con-
trols. Taken together, these findings tentatively suggest that INT state
transitions may provide a neurophysiological index of consciousness at
the individual level, even in the absence of behavioral responsiveness
[53,54]. Future studies—particularly in conditions with a clearer
ground truth, such as sleep or anesthesia [55]—will be essential to
validate these observations and explore their correspondence with other
neurophysiological markers of awareness.

We show that loss of consciousness is accompanied by increased
randomness in INT state transitions, as reflected by entropy-based
measures (CTW, SampEn), and by a faster decay of temporal memory
in state dynamics. Since INTs are thought to index the brain’s capacity to
process temporal information [6,56], and their topography shapes
computational modes, these findings suggest that when both unpre-
dictability and temporal dependence in transitions are disrupted, the
system loses the structured dynamics required to sustain meaningful
neural representations of the environment. In this sense, the conceptual
mapping of randomness, memory, and Markovianity converge on the
view that consciousness depends on maintaining a balanced repertoire
of structured yet flexible state transitions (see Fig. 6 for a very schematic
depiction of this notion). Therefore, our results provide first-hand evi-
dence of predictions arising from the Temporo-spatial theory of con-
sciousness (TTC): richer INT dynamics in conscious individuals, with
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Characterizing INT State Transition Dynamics
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Fig. 6. Correspondence between INT state transition dynamics and their functional interpretation. A) Schematic illustration of Oth-order (memoryless) and
1st-order (memory-dependent) Markov Chains (MC) used to model INT state transitions. Statistical tests indicate that transitions, in the majority of our samples,
depend on the previous state, consistent with 1st-order Markovianity (often even extending to states further than the current — see Results and Supplementary
Tables 3-4), which is here depicted schematically as higher likelihood (in red) of transitioning to a certain state, depending on the current state (INT state x, in our
example). Here, this is interpreted as a consequence of a certain nontrivial degree of structure in the transitions between INT topographies. B) Entropy-based es-
timators (CTW, SampEn) quantify the unpredictability of INT state transitions. Healthy wakefulness is associated with an intermediate, balanced level of unpre-
dictability, whereas disorders of consciousness (DoC) show pathological increased unpredictability. We argue that a higher unpredictable sequence of INT state
transitions underlines a lower capability of adapting to the temporal structure of the perceptual environment, which in turn hinders healthy levels/states of con-
sciousness. C) Temporal memory of INT state sequences was assessed via the decay of categorical autocorrelation (Cramer’s V) across time lags. Healthy controls (HC)
show slower decay, reflecting greater memory in state dynamics, while DoC patients show faster decay, indicating reduced temporal dependence. Complementary to
the results on the Markovianity of INT state transitions, this metric attempts to quantify the degree of memory contained in the categorical time series data which
represent the dynamics of the cortical topography of INTs. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version

of this article.)

respect to reduced or absent consciousness states.

3.4. Future directions and limitations

The scope of this study is restricted to resting-state data. Future
research will need to be centered on the mechanisms that generate the
observed dynamic behavior of INT states: insights might be gained from
applying similar analytical methods to task-based data, or from
computational models in which parameters—such as connectivity or
intracolumnar excitatory/inhibitory balances—are systematically
manipulated.

Spectral properties of the M/EEG signal, including alpha power and
the aperiodic exponent, could potentially influence INT topography.
However, our control analyses indicate that, although a modest influ-
ence cannot be entirely ruled out, these measures did not significantly
contribute to the observed INT dynamics (see Supplementary Methods
1.1 and Results 2.2).

Arguably, a methodological limitation of this study is related to the
use of sliding window analysis to track the temporal changes of ACW-
0 values (dACW-0), as several concerns have been raised against the
use of this technique in functional connectivity studies [57,58]. In the
case of dFC studies, while there are many factors that might be

confounded for genuine FC changes from window to window, the main
concern seems to be related to sampling errors. In the case of our
dACW-0 analysis, we chose this simple but limited approach because of
the novelty of this hypothesis, as a windowed analysis does not require
any modeling of the underlying dynamics which remain unknown to this
day. Further, we mitigated the sampling error effect by using relatively
large sized windows (8 s), as detailed in the Methods section. However,
limitations inherent to this method can only be addressed by either
applying different methods, such as statistical autoregressive models
[59], or by future studies that take advantage of the temporal structure
of an experimental task to test whether the changes in dACW-0 time
series match behavioral state changes.

Likewise, we employed a k-means clustering algorithm guided by the
same parsimony principle that led to the use of sliding windows. There
are two main problems with this unsupervised learning algorithm,
which stem from the same constraint: the number of clusters is decided a
priori by the experimenter. Because of that, a first issue is that the al-
gorithm will always find clusters for which there is no guarantee of their
actual significance, while the second issue is related to the choice of k
(the number of clusters), which can be either be guided by visual in-
spection or by using more strict criteria. For instance, in microstates
analysis, it is indicated to use a meta-criterion (a “democratic” voting
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based on the collective scoring of other criteria) [38] to select the
optimal number of clusters, but in our study we decided to use only two
criteria to improve the interpretability of our results — including the
pitfalls of our methodology. We suggest two alternatives that can
potentially improve the validity of the present study in future studies.
First, it will be important to test whether comparable dynamic INT states
emerge when applying alternative dimensionality reduction techniques,
such as principal component analysis, independent component analysis,
or related approaches; alternatively, through the use of simulated data,
where the ground truth is known, one can also test for the sensitivity of
the k-means algorithm to truly detect the spatiotemporal configurations
that are theoretically explorable by the brain.

A key limitation of the present work is that the EEG analysis was
conducted in sensor space rather than source space. Source recon-
struction in patients with disorders of consciousness is particularly
challenging and potentially unreliable, as structural brain lesions alter
conductivity properties and can substantially bias localization accuracy
[60]. Furthermore, the use of template head models in place of indi-
vidual anatomical data introduces additional uncertainties that limit the
interpretability of EEG source-level results [61]. For these reasons, and
in line with prior studies in this population, we restricted the EEG an-
alyses to sensor space. Moreover, because our EEG analyses were
restricted to sensor space, there is no direct correspondence between
scalp electrodes and cortical hierarchy maps which, together with the
substantial inter- and intra-subject variability in electrode placement,
undermines interpretability when attempting to align sensor-level ac-
tivity with canonical gradients. For these reasons, we did not perform a
direct comparison in the EEG sample. We warrant future investigations
in healthy participants, where reliable source reconstructions and
standardized electrode-to-cortex mappings can be applied. For similar
reasons, we also acknowledge that no quantitative comparison between
EEG- and MEG-derived INT states was performed across modalities,
which would require within-subject multimodal datasets in healthy
participants. Nonetheless, the EEG and MEG states showed a convergent
pattern of antero—posterior prominence, supporting the interpretability
of the EEG findings despite the absence of direct source-level mapping.

Additionally, the clustering procedure was applied to concatenated
group data, treating groups as a whole, and not on single subjects. We
adopted a group-level clustering approach for three main reasons: (i)
concatenating across subjects increases the number of windows and
thereby improves clustering accuracy given the limited recording length
(~5 min per subject); (ii) it enables direct group-level comparisons of
INT dynamics; and (iii) it provides common topographies that facilitate
comparison with MEG-derived states and standard maps. Since concat-
enating data is likely to produce “false transitions” [62], we argue that
individual-level clustering represents an important avenue for future
research; recent work (reliability Liu) also highlights promising ap-
proaches for bridging group- and individual-level dynamics, which
could further strengthen interpretability in this context.

3.4.1. Conclusion

We investigate the brain’s dynamic topography of Intrinsic Neural
Timescales (INTs) in two different modalities (MEG and EEG). Our
findings show evidence of non-random dynamic transitions between
different topographic INT states, derived from applying a k-means
clustering procedure on a sliding windows ACW-0 analysis. Source
reconstructed MEG data confirmed that at least a good percentage of the
dynamic INT states are consistent with an uni-transmodal or core-
periphery organization, but also reveals a new set of non-hierarchical
INT topographies. Importantly, the dynamics of INT topographic state
transitions can be characterized by non-randomness, temporal predict-
ability, and long-range memory. Together, these findings demonstrate a
rich repertoire of INT topographies changes in the fully awake state.

Applying the same analysis in a hd-EEG dataset consisting of people
with disorders of consciousness (DoC), we found that the dynamic
transitions between INT states are nonrandom in these subjects.
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However, their loss of consciousness is associated with lower long-range
memory and increased unpredictability, implying poorer INT topo-
graphic dynamics. Together, albeit indirectly, these findings point to the
importance of the INT state dynamics for maintaining the level/state of
consciousness. These results provide direct evidence for the Tempor-
ospatial Theory of Consciousness (TTC), which postulates richer dy-
namic INT repertoires in conscious states and convergence of temporal
and spatial dynamics in contributing to a higher level of consciousness.

4. Methods and materials
4.1. MEG data acquisition and experimental details

The open access resting-state (rs) magnetoencephalogram (MEG)
data from the Human Connectome Project (HCP) repository was used in
the first section of this study [26,63,64]. The MEG system includes 248
SQUID sensors.

The dataset used in this study consisted of 84 subject in the age range
of 22-35 years, each subject undergoing three consecutive resting-state
recordings of the same length. During each of the 5 min resting-state
scans, subjects were instructed to lie, with eyes open, while a fixation
cross was presented on a screen. Further details about the subject pop-
ulation demographics and the acquisition parameters can be found in
Ref. [63].

4.2. MEG preprocessing

MEG data were preprocessed using the standard HCP pipeline
(rmegpreproc stage) [63]. In brief, recordings were band-pass and notch
filtered, channels and time points with artifacts were identified and
rejected, and independent component analysis (ICA) was applied to
remove ocular and cardiac artifacts. Differently from the standard HCP
pipeline, bad segments were identified on z-scored amplitude, and
flatline channels/muscle artifacts were linearly interpolated to minimize
discontinuities. Full details are reported in the Supplementary Methods
(Supplementary Methods 1.1).

4.3. Source reconstruction

Source reconstruction followed the HCP icamne stage, applying
weighted minimum norm estimation (WMNE) to project independent
components into a source space of 8004 cortical vertices. Data were then
parcellated into 360 HCP-MMP atlas regions [65] and grouped into 12
large-scale functional networks [11]. For analyses of core-periphery
organization, sensorimotor and early sensory networks were defined
as periphery, and higher-order networks as core. Full methodological
details are available in Supplementary Methods 1.1.

4.4. EEG data acquisition and experimental details

Eighty-one individuals with DoC (nyws = 39; nycs = 42; mean age =
46.65 + 15.89 years old; M/F sex-ratio = 2.24; etiology: stroke = 43;
anoxia = 7; traumatic brain injury = 31) were recorded in resting
state—at bedside—for 5 min using a Geodesics system (Ges300, EGI,
Eugene, OR, USA) and a 256-channel electrode cap (HydroCel 130, EGI,
Eugene, OR, USA) (following 10-20 international systems). Standard
systematic procedures, such as the Arousal Facilitation Protocol [66],
were followed to ensure high wakefulness and arousal levels in the
participants undergoing the recording session. To avoid interference
related to medication, examiners did not administer any sedative agents
in the 24-h period that preceded the recording session. The clinical
assessment was performed on admission, through the Glasgow Coma
Scale (GCS) [67], while the differential diagnosis was carried by trained
clinicians by repeatedly applying the JFK Coma Recovery Scale-Revised
(CRS-R) [66], selecting the best total score over all assessments. Addi-
tionally, a control sample of 44 healthy controls (HC) (age 31.3 £+ 16.1
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years, M/F sex-ratio = 0.94) underwent a 5-min resting-state hd-EEG
recording session, recorded with the same 256-channel system (GES
300, Electrical Geodesics, Inc., USA). Healthy participants were asked to
lie on the bed and keep their eyes open to mirror the EEG recording of
the DoC sample. EEG data were re-referenced online to Cz and acquired
at a sampling rate of 1000 Hz, while the impedance of all electrodes was
kept to less than 20 KQ. Further details about the datasets used in this
study can be found in Ref. [37].

4.5. EEG pre-processing

EEG preprocessing was performed with EEGLAB [68] and custom
MATLAB scripts. Data were resampled, band-pass filtered (0.5-40 Hz),
and noisy channels were identified, interpolated, and re-referenced to
the common average. Independent component analysis (ICA) was
applied to identify and remove ocular, muscular, and cardiac artifacts.
Full details of the preprocessing pipeline are provided in the Supple-
mentary Methods.

4.6. Dynamic ACW-0

The auto-correlation window (ACW) is the standard method used to
probe INTs [6,7,9]. The method is based on the computation of the
signal’s autocorrelation function (ACF), which is obtained correlating
the signal with itself at increasing time lags.

Here, we computed the ACW-0, which is parametrized as the first
time lag at which the temporal auto-correlation function (ACF) of the
EEG time series reaches its zero value [3].

As we were interested in the dynamics of INTs, the ACW-0 was
computed using a sliding-window approach [15] on all M/EEG datasets
(window size = 8 s; step size = 10 %), resulting in a time series of 366
time points for each recording. A step size of 10 % represents a step of
800 ms.

These sliding window parameters, especially the window size, were
chosen according to evidence that shows that dynamic connectivity
measures, which are tightly related to INTs [47], show increased reli-
ability when probed with sliding windows of a comparable duration [69,
70].

4.7. k-means clustering

Our study leverages dynamic ACW-0 matrices derived from M/EEG
data to extract recurring INT (Intrinsic Neural Timescale) topographic
states using k-means++ clustering procedure: this is done in order to
track the transitions between different INT topographies — i.e. INT state
maps. A full overview of the methods used in this study is presented in
the following paragraphs.

The k-means algorithm, a well-established unsupervised learning
technique, is utilized to cluster data, aiming to partition input data into a
predefined number (k) of distinct groups or clusters. After clustering, a
low-dimensional representation of the data is obtained, assigning each
observation (n) to a unique cluster k.

As we were interested in obtaining a discrete set of dynamic INT
topographic states, we used MATLAB’s kmeans function to partition
dynamic ACW-0 (dACW-0) matrices into the most recurrent INT scalp
distributions observed in our populations. First, the subjects’ dynamic
ACW-0 matrices were concatenated horizontally, to obtain a chan-
nelsXwindows matrix, which were then normalized (min-max feature
scaling) before the clustering procedure. Consequently, the k-means++
algorithm ([71], pp. 1027-1035) was iteratively run 25 times, with ks
ranging from 2 to 20. In fact, the k-means procedure can vary across
iterations, since it starts by randomly assigning k centroids at each
iteration; therefore, we ran each clustering procedure with 1000 repe-
titions times to avoid the influence of random seeding. Both squared
Euclidian distance and cityblock (L1 distance) were used as distance
metrics. As we didn’t observe any significant difference between the two
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distance measures, we selected the latter to ensure consistence with
previous literature.

The selection of the optimal number of INT maps rested on two
different optimization criteria. In the first, the optimal number of maps
consisted in finding the knee point of the k vs within-cluster variance
graph - often referred to as the “elbow method” - which ensures an
efficient compromise between the decrease of within-cluster variance
and the simplicity. The second optimization criterion method used in
this study is known as the Krzanowski-Lai criterion [72], which selects
the optimal number of clusters based on a dispersion measure D.

Once the best number of clusters was selected, each INT sliding
window was assigned as belonging to a state based on a competitive
back-fitting procedure, similarly to Ref. [73]: first, each window was
spatially correlated to all k map states, and then the state was assigned
based on the highest spatial correlation value obtained. Please note that
spatial correlation coefficients correspond directly to Pearson’s corre-
lation coefficients. This yielded, for each subject, a time series of the
same temporal resolution of its original dACW-0 time series, repre-
senting the temporal succession of INT topographic states as a function
of time.

4.8. Core-periphery organization

To probe for the presence of a degree of hierarchical organization in
the MEG INT topographic states, parcel-level INT values were spatially
correlated with a myelination index map, as in Ref. [39]. This map is
obtained from HCP diffusion MRI (dMRI) data from over a thousand
healthy individuals, and indexes the average density of T1w/T2w at
each parcel. To ensure spatial correlation, the myelination map followed
the same parcellation scheme (360 parcels) as the source-reconstructed
MEG data.

To obtain a summary index of the core-periphery organization,
parcels were further subdivided into the 12-networks categorization
suggested in Ref. [11], and INT values averaged over all parcels
belonging to the same network.

4.9. Runs test

A runs test [74] was used to decide whether the dynamic INT state
time series were consistent with a random process. In this study, “runs”
are defined as the number of consecutive data points either above or
below the original time series’ median value. This procedure determines
whether the number of “runs” is lower than the number of runs expected
in a random process, which allows to reject the null hypothesis of
randomness, or equally high - in which case, the null hypothesis of
randomness cannot be rejected. To obtain statistical significance for the
runs test, we used MATLAB’s runstest function.

4.10. Markov properties

Statistical properties of INT states transitions were investigated by
modeling them as Markov Chains [75] and subsequently testing these
models against 0™ and 1st order Markovianity. Testing against hy-
potheses yields knowledge about the temporal dependences in the
states’ time series: if the system under exam only holds memory of the
previous state when transitioning into the current one, then its time
series holds a property known as “Markovianity”, and it can be
reasonably modeled as a 1st order Markov Chain. If this property does
not hold - current states do not depend on previous states — then we are
observing a o™ order Markov Chain.

First, the empirical transition matrix T was obtained. To statistically
test for the 0" and 1st Markov property, we used a log-likelihood ratio
test, which compared the log-likelihood LL, of the model order being
tested and the log-likelihood LL;, at one order higher: for instance, to test
for 0™ order Markovianity, 0" and 1st order log-likelihoods were
compared, 1st and 2nd order to test for 1st order Markovianity.
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We assumed that the likelihood ratio test statistics followed a chi
squared distribution with degrees of freedom df

df =(ns™ —ns™) x (ns—1)
where ns is the number of states and m is the Markov order being tested.
Consequently, p-values were defined as

p=1—(—2x (LL, —LL,)

with threshold for significance at a = 0.05.

4.11. INT state transitions dynamics — Context-Tree Weighting and
Sample Entropy

The degree of randomness (unpredictability) inherent in the time
series describing transitions between INT states was first evaluated using
the Context-Tree Weighting (CTW) compression algorithm [76,77],
which provides a entropy estimator similar to that of the Lempel-Ziv
Complexity [78], but with faster convergence and higher estimation
accuracy on data with a low number of data points, offering higher
accuracy and lower bias in entropy rate estimation. CTW is based on a
variable-order Markov model, which hierarchically decomposes the
symbol sequence into binary decisions and effectively captures
long-range temporal dependencies in the data. This method is particu-
larly well-suited for the aim of this study, as it is designed to operate on
symbolized, discrete sequences—a natural fit for the discrete INT state
transitions data. To this end, we used the MATLAB code implementation
available at the github repository https://github.com/pmediano/En
tRate.

Additionally, the unpredictability of the INT state transitions was
further confirmed by computing the Sample Entropy (SampEn) [79] of
the INT state transition time series. We used the SampEn function
implemented in the open-source MATLAB toolbox EntropyHub [80].
SampEn estimates the log-likelihood that time series trends that are
tightly related will remain similar in the following comparison, without
allowing for self-counting. In computing SampEn, the parameter m de-
notes the embedding dimension, which represents the length of the
trends — or “sequences” — to be compared; the parameter tau, instead,
controls the time delay between points in a trend, which allows to
capture temporal structures which go beyond the analysis of consecutive
points, when tau is set at values higher than 1. Parameter choice for this
study included: m = 3; tau = 1. Additionally, we used the suggested
default EntropyHub radius threshold r (r = 0.2- 6, where ¢ is the standard
deviation of the signal). The same parameters were used to estimate the
complexity of the EEG signal (Supplementary Fig. 10).

4.12. Exponential decay fitting

The memory property of the dynamic INT state transition time series
was probed in a series of steps. First, we computing a version of the
autocorrelation function which suited better ordinal data: we pursued
this aim by computing Cramer’s V [81] on a copy of the signal at
different time lags. The choice of Cramer’s V, instead of the more classic
ACF, was guided by the fact that the time series is composed of ordinal
variables, and Pearson’s correlation is only defined on continuous data.

The decay rate was obtained by fitting an exponential decay of the
form

D=Axe ™ 4C

to the Cramer’s V categorical autocorrelation time series (where A and C
define the lower and upper bound of the fitted function, dr is the decay
rate and x is the time lag). Since this function displayed an exponential
decay only in its first portion, we performed the fitting procedure on a
truncated version of the time series (until lag = 30). To fit the function to
the data, the curve fit function from the scipy Python library was used.
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4.13. Statistics and reproducibility

Sample sizes of the M/EEG sample are indicated in section 4.1 and
4.4. Summary statistics of the dynamics of INT topographic states were
indexed at both subject and group level and included the average state
coverage (in percentages) - which describes the relative amount of time
spent in one particular state with respect to the total duration of the
recording - and the state transition matrix, describing the probability of
transitioning from state to state (including self-transitions).

Spatial correlation between EEG scalp topographies was computed
using Pearson correlation, after vectorizing the topographic maps, i.e.,
converting each 2D scalp distribution into a 1D column vector by
stacking channel values. This is a widely adopted procedure in EEG
research for comparing spatial configurations across conditions or states
(e.g., in microstate and brain topography analyses) ([38], p. 20; [73]).
To enhance the interpretability and robustness of statistical significance,
we further conducted control analyses using Euclidean and cosine dis-
tance metrics, combined with a non-parametric bootstrap test (see
Supplementary Methods 1.2 for details).

A spatial permutation “spin test” was applied to address the corre-
spondence problem faced when correlating two cortical maps [82]. The
spin test is a statistical approach for evaluating the significance of pat-
terns of spatial relationships in brain imaging data: it works by itera-
tively projecting the spatial coordinates of the cortical maps onto a
spherical surface, which is randomly rotated to reshuffle the spatial
coordinates of the original maps’ values. A null distribution is obtained
by comparing the spin test correlation coefficients with the empirical
coefficient. In this study, 1000 null models were generated and signifi-
cance threshold was set at 5 %.

To correct for the family-wise error rate when performing multiple
statistical tests, the Holm-Bonferroni method was applied.

To compare CTW and SampEn values at group level, we applied the
non-parametric Wilcoxon rank-sum test with significance threshold at 5
%.

A chi-square test was performed on all EEG states to determine
whether the groups differed significantly in their average durations.

The null hypothesis of equal means in the decay rate of the DoC
sample was tested with the non-parametric Alexander-Govern approxi-
mation test. Post-hoc pairwise comparisons were performed with the
Wilcoxon rank-sum test.

Effect sizes are reported with the n? metric for the non-parametric
multivariate group comparisons, and with the z-statistic resulting from
the Wilcoxon rank-sum test fon post-hoc pairwise comparisons.

To check for statistical significance on the group states’ properties,
the INT state time series were temporally scrambled iteratively (1000
repetitions each) to produce a test distribution: significance was set at
o = 0.05. Additionally, a surrogate test (100 repetitions each) was used
to the same end (see Supplementary Methods 1.2).
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