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ARTICLE INFO ABSTRACT

Keywords: Background: This multi-centric study aimed to explore differences in brain activity patterns in patients with
Dynamic functional connectivity disorders of consciousness (DoC), including unresponsive wakefulness syndrome (UWS) and minimally conscious
Resting-state state (MCS).

Auditory local-global paradigm Methods: Using high-density electroencephalographic (EEG) recordings from 368 DoC patients, 39 who emerged

Metastates . . . s

Disorders of consciousness from MCS (eMCS), and 73 healthy controls, we examined instantaneous functional connectivity-based meta-
Minimally conscious state states acting as attractors in a dynamical system, extracted by means of community detection algorithms and
Unresponsive wakefulness syndrome recurrence analysis. We analyzed data from two patient cohorts and included resting-state and auditory pro-

cessing tasks in four frequency bands (delta, theta, alpha, beta) and from three perspectives, namely: (i) discrete
activation of dominant states, (ii) a dynamical system composed of attractor states and (iii) the correlation and
anticorrelation patterns of the active states.

Results: Findings revealed that while the overall structure of brain connectivity remained stable after injury,
patients with DoC and those who emerged showed notable differences in the speed and consistency of how their
brain states activated. Specifically, in higher frequencies, UWS patients exhibited faster, and less stable dy-
namics, shorter dwell times and decreased meta-state anticorrelation compared to those in MCS and eMCS.
Moreover, a four-way combined learning classification analysis showed that the measures were able to distin-
guish the UWS and MCS subgroups.

Significance: These brain state dynamics could serve as valuable markers for assessing states of consciousness. Our
results highlight the potential of using high-temporal resolution dynamic brain activity patterns to improve the
understanding of altered consciousness and their application to clinical settings.

1. Introduction cardiac arrest, stroke or other causes, can find themselves in a transient state
of absence of arousal and awareness, known as coma (Posner et al., 2008).
Survivors of severe brain damage, due to traumatic brain injury (TBI), Eventually, patients may recover arousal and sometimes non-reflexive
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behaviours. Patients with vegetative state/unresponsive wakefulness
syndrome (VS/UWS) only show reflex movements and eye-opening
(wakefulness) (Laureys et al., 2010). Patients in minimally conscious
state (MCS) are characterised by increased awareness, as indicated for
example, by the presence of eye tracking, localisation to pain, or simple
responses to commands (Giacino et al., 2002). These clinical entities (coma,
UWS and MCS) are collectively known as disorders of consciousness (DoC)
(for reviews see Zasler et al., 2019 and Alnagger et al., 2023). Furthermore,
some patients show emergence from MCS (eMCS), which is marked by the
recovery of consistent functional communication and/or use of objects
(Giacino et al., 2002).

Clinical experts diagnose DoC using standardized behavioural scales
and the most recommended is the Coma Recovery Scale-Revised (CRS-R)
(Seel et al., 2010). Nonetheless, all behavioural evaluations share a
fundamental limitation: a subset of patients with DoC exhibit a dissoci-
ation between preserved brain function (revealed through neuro-
imaging) and their behavioral presentation, leading to potential
underestimation of consciousness (Bodien et al., 2024; Claassen et al.,
2024; Schnakers et al., 2015). These patients, behaviourally unrespon-
sive (i.e., UWS) but with brain function closer to MCS (referred to as
MCS*) (Gosseries et al., 2014) were shown to compose over 50 % of a
cohort of UWS patients, and had better outcomes than UWS patients
(Thibaut et al., 2021). These findings underscore the significance of
employing neuroimaging tools to enhance the diagnosis of DoC, serving
as a supplementary resource alongside conventional behavioural as-
sessments (Giacino et al., 2018; Kondziella et al., 2020; Schiff et al.,
2014).

It has been shown that even during rest, the brain exhibits continu-
ously evolving, non-stationary network patterns (Demertzi et al., 2019;
Hansen et al., 2015). These rapidly switching temporal architectures
might be key to understanding the fundamental properties of conscious
brain activity. Indeed, pharmacologically-induced loss of consciousness
through anaesthesia leads to brain states with reduced connectivity and
less recurrent dynamics, which are remarkably similar to those observed
in brains with DoC (Barttfeld et al., 2015; Lopez-Gonzalez et al., 2021;
van der Lande et al., 2024). Furthermore, other states of (un)con-
sciousness such as sleep stages and their transitions can be well char-
acterised and distinguished by features of ongoing brain activity
(American Academy Of Sleep Medicine, 2023). Therefore, it is reason-
able to assume that awareness and wakefulness would also be charac-
terised by specific spatio-temporal brain states and the transitions
between them (Barttfeld et al., 2015; Demertzi et al., 2019; van der
Lande et al., 2024).

Among the functional imaging techniques used to gain insights into
the heterogeneous pathological alterations of dynamic brain function of
DoC, electroencephalography (EEG) stands out due to its very high
temporal resolution and ability to measure scalp-level neuronal activity
directly (Engels et al., 2017; O'Neill et al., 2018). Its diagnostic rele-
vance is evidenced by the European Academy of Neurology’s recom-
mendation to use quantitative analysis of high-density EEG for
differentiating between UWS and MCS as part of a multimodal assess-
ment (Kondziella et al., 2020).

The dynamic nature of functional interactions between neuronal
clusters (functional connectivity, FC) has been emphasised recently due
to the increasing evidence that averaging FC over time (static functional
connectivity, sFC) may obscure useful information about the dynamic
nature of functional connections (Garrett et al., 2013; O’Neill et al.,
2018; Waschke et al., 2021). Dynamic functional connectivity (dFC)
(Hutchison et al., 2013; O’Neill et al., 2018) fluctuations, measured
through fMRI, have been shown to present non-trivial structure
compatible with discrete collections of dynamic brain states (Cavanna
et al., 2018). Some studies have gained insights into functional brain
dynamics associated with altered states of consciousness induced by
brain injury mostly through fMRI recordings (Demertzi et al., 2019;
Luppi et al., 2019; Panda et al., 2022), and interest in dFC EEG studies
has started to emerge in recent years (Bai et al., 2021; Della Bella et al.,
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2022).

In the present work, we studied brain states using a method designed
to extract temporally repeating patterns of brain network configurations
acting as metastable attractors (meta-states) (Cavanna et al., 2018),
based on high-temporal-resolution instantaneous FC and community
detection algorithms applied to EEG recordings. The aim of the study
was to uncover the temporal dynamics of these meta-states in DoC and
eMCS patients. This could provide insight into how the properties of the
inherently dynamic electrophysiological brain activity, such as the sta-
bility of the system, are altered in DoC, and use information about these
complex dynamics as potential biomarkers for DoC subtypes.

We addressed four key objectives: (i) to extract recurrent brain net-
works (“meta-states™) in prolonged UWS, MCS, and eMCS patients, as
well as controls, (ii) to determine whether there are DoC-related alter-
ations to normal meta-state connectivity, (iii) to assess the properties of
dynamic meta-state activation at the group level and how DoC condi-
tions potentially alter them; and (iv) to evaluate the diagnostic capa-
bilities of the meta-state activation measures as biomarkers. To this end,
we used three different sets of meta-state activation features: based on
discrete activation of single dominant states, meta-states as attractors in
a dynamical system, and correlation/anticorrelation of the states with
the ongoing functional connectivity.

2. Materials and methods
2.1. Subjects

The retrospective study cohort consisted of two independent datasets
obtained at the University and University hospital of Liége and the Pitié-
Salpétriere hospital in Paris. The study was approved by the Ethics
Committee of the University hospital of Liege and the Pitié-Salpétriere
hospital according to the Declaration of Helsinki. The patients’ legal
guardians and the healthy controls gave written informed consent. All
patients were behaviourally assessed by means of the CRS-R (Giacino
et al., 2004). The diagnosis was based on the best CRS-R score out of 3 to
5 assessments. In the Liege dataset, they were performed at least five
times, while in the Paris dataset, clinical assessments were conducted a
minimum of three times. In all instances, these assessments were
administered on different days by trained clinicians.

EEG recordings in the Liege dataset were collected in a resting state,
task-free manner (Chennu et al., 2017). Conversely, in the Paris dataset,
task-related EEG signals were acquired utilizing the auditory “Local--
Global” paradigm (Bekinschtein et al., 2009), which was tailored to
investigate both unconscious and conscious auditory processing. This
protocol consists of a series of 5 tones, where the last one can be iden-
tical (local standard) or different from the previous ones in pitch (local
deviant). The protocol also includes a second level regularity defined by
the overall frequency of the series of 5 tones (global standard, 80 % of
trials; global deviant, 20 % of trials).

The Liége dataset consisted of 132 prolonged (> 28 days post-injury)
subjects: 23 UWS patients (including 4 MCS*), 55 MCS patients (17
MCS-, 38 MCS+), 18 eMCS patients and 36 healthy controls. Parts of this
dataset were previously used in other studies (Annen et al., 2023;
Chennu et al., 2017; Thibaut et al., 2021).

The Paris dataset consisted of 348 prolonged subjects: 145 UWS, 145
MCS (93 MCS- and 52 MCS+), 21 eMCS patients and 37 healthy con-
trols. Parts of this dataset were previously used in other studies
(Engemann et al., 2018; Sitt et al., 2014). For more details on the
Local-Global paradigm data used here, please refer to Engemann et al.
(2018).

The patients’ demographic information of both datasets is listed in
Tables 1 and 2. Table S1 in the supplementary material shows the dif-
ferences in demographic parameters between the two datasets. For more
information about the databases used in the study, see the supplemen-
tary material.
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Table 1
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Socio-demographic and clinical data for the Liege dataset. Statistically significant between-group differences are marked with asterisks *p < 0.05 (Kruskal-Wallis test
for age, chi-squared test for sex and aetiology). m: mean,; std: standard deviation; M: male; F: female; N/A: not applicable. CRS-R: Coma Recovery Scale — Revised.

Group
Data UWS MCS eMCS Controls
Number of subjects 23 55 18 36
Age (years) (m=std)* 42.39+14.06 41.16+18.62 29.94+11.91 44.27+15.31
Sex (M:F:Missing) 12:11:0 36:19:0 12:6:0 18:17:1
CRS-R total score (m=+std) 6.30+£1.33 12.61+4 17.644+5.10 N/A
Anoxia (%)* 56.52 17.85 5.55 N/A
Stroke (%)* 4.35 3.57 11.11 N/A
Traumatic brain injury (%)* 21.74 46.43 55.55 N/A
Other (%)* 17.39 25 27.77 N/A
Time since onset (months) (m=+std)* 23.26+38.42 40.13+46.53 44.75+76.18 N/A

Table 2

Socio-demographic and clinical data for the Paris dataset. Statistically significant between-group differences are marked with asterisks *p < 0.05 (Kruskal-Wallis test
for age, chi-squared test for sex and aetiology). m: mean,; std: standard deviation; M: male; F: female; N/A: not applicable. CRS-R: Coma Recovery Scale — Revised.

Group
Data UwWsS MCS eMCS Controls
Number of subjects 145 145 21 37
Age (years) (m=std)* 46.75+17.32 47.21+£17.13 47.33+£19.09 25.2+4.1
Sex (M:F:Missing) 92:50:3 83:61:1 14:7:0 24:13:0
CRS-R total score (m=+std) 4.97+1.53 10.04+2.83 18.244+4.07 N/A
Anoxia (%)* 48.96 24.82 4.76 N/A
Stroke (%)* 20 25.51 23.80 N/A
Traumatic brain injury (%)* 3.44 14.48 14.28 N/A
Other (%)* 27.59 35.17 57.14 N/A
Time since onset (months) (m-+std)* 6.11+19.44 7.90+20.59 18.38+32.76 N/A

2.2. Electroencephalographic recordings

The EEG data from both datasets were recorded with a 256-channel
high-density EEG system (EGI, Electrical Geodesics Inc.), with a sam-
pling frequency of 250 Hz. Patients and controls subjects remained
awake with eyes open during the recordings.

In the Liege dataset, the resting state EEG was acquired for a period
of 20-30 min. Data cleaning involved several steps. First, the EEG was
filtered using a 6th-order Butterworth high-pass filter at 0.5 Hz and an
8th-order IIR Butterworth low-pass filter at 100 Hz, with notches at 50
and 100 Hz. The EEG data was then segmented into 2.2040-second
epochs. Bad channels were rejected based on visual inspection of the
raw time series, and bad segments were identified by visual inspection in
principal component analysis (PCA) space by transforming the time
series into 20 PCA components. Full independent component analysis
(ICA) was performed, and components corresponding to non-neural
activity were removed. Finally, bad channels were reconstructed by
means of spherical interpolation. The data was re-referenced to the
average reference, and the first minute of continuous activity without
artifacts was kept for all the subjects (Annen et al., 2023; Ninez et al.,
2021a, 2021b).

In the Paris dataset, the preprocessing was fully automated. EEG
recordings were band-pass filtered from 0.5 to 45 Hz using a 6th and 8th
order FFT-based Butterworth filter. The data were then segmented into
epochs from —200 ms to 1336 ms relative to the onset of the first sound.
Epochs were excluded based on adaptive outlier detection (see Enge-
mann et al. (2015)). Subsequently, the data were re-referenced using an
average reference, and baseline correction was applied. The first 40
epochs from Local Deviant Global Deviant (LDGD) trials were kept,
similar to how the first 40 trials with attended target tones were kept in
Nunez et al. (2022), in order for the resting-state (Liege) and
Local-Global (Paris) recordings of each subject to be of similar lengths
(61.712 s and 61.76 s, respectively).

The preprocessing steps for both datasets are explained in detail in the
previously published studies (Annen et al., 2023; Engemann et al., 2015).

2.3. Magnetic resonance imaging

In the Liege dataset, the structural (T1) MRI images (120 transversal
slices, TR = 2300 ms, voxel size = 1.0 x 1.0 x 1.2 mm?, flip angle = 9°,
field of view = 256 mm?) were acquired on a Siemens 3T Trio scanner
(Siemens Inc, Munich, Germany) the same week as the EEG recordings.
These images were used for EEG source estimation in this dataset. More
information about the source estimation performed using these images
can be found in the supplementary material.

2.4. Source localization: minimum norm imaging

The EEG time series at the source level were obtained using the
weighted minimum norm estimation (WMNE) method, which employs a
linear inverse operator to minimize energy (Ly-norm) while incorpo-
rating source weighting to mitigate bias towards superficial currents and
enhance detection of deep sources (Lin et al., 2004). An implementation
of wMNE is accessible through Brainstorm (Tadel et al., 2011).

Additionally, a forward model was constructed utilizing anatomical
information from T1-weighted 3D MRI images for each subject.
Anatomical maps, segmented into 5 tissues (gray matter, white matter,
cerebrospinal fluid, skull, scalp), were generated using the CAT12 soft-
ware toolbox (Gaser et al., 2023). A three-layer head model (brain, skull,
and scalp) was built using the Boundary Element method based on in-
dividual tissue maps with OpenMEEG software (Gramfort et al., 2010).
This head model served as the source space, comprising 15,000 sources
constrained to be normal to the cortex. Subsequently, the sources were
regrouped into 90 cortical regions of interest (ROIs) using the AAL90
atlas (Tzourio-Mazoyer et al., 2002), by averaging sources after flipping
the sign of sources with opposite directions (Ntinez et al., 2021a).

In the Liege dataset, 73 participants (13 UWS, 33 MCS, 11 eMCS
patients, and 16 healthy controls) had usable T1 anatomical MRI images
(no high motion levels, acquisition or registration errors) and no missing
ROIs from the AAL9O atlas after source estimation due to brain lesions.
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Fig. 1. Meta-state extraction method analysis steps. (1) the instantaneous frequency tensor is obtained by means of the instantaneous amplitude correlation (IAC) in
the classical frequency bands: delta (5, 1-4 Hz), theta (0, 4-8 Hz), alpha (, 8-13 Hz), and beta (B, 13-30 Hz). (2) Recurrence plots (RPs) were obtained for the 60-s
recordings of each subject by correlating the instantaneous amplitude correlation (IAC) matrices from each temporal sample. Subsequently, data-driven windows
were obtained to aggregate the data and reduce the computational burden. (3) Using the data-driven windows, the aggregated individual IAC connectivity tensors of
all subjects belonging to a diagnostic group were concatenated and another RP representing the IAC similarity of all the subjects in each group is built. Afterwards,
community detection is performed in the RP to obtain the group meta-states. (4) Using the meta-states of the corresponding diagnostic group, the temporal activation
sequence (TAS) and the instantaneous correlation tensor (ICT) were obtained for each subject. A variety of measures of meta-state activation dynamics were obtained
from the TAS and ICT in each of the frequency bands under study. (5) The measures of meta-state dynamics were fed into an AdaBoost classifier in a LOO—CV
procedure for both datasets, as well as trained and tested on a mix of both halves of the Liege dataset and Paris dataset, to determine the best features for group
differentiation and the overall diagnostic capabilities of the method in the context of DoC. wMNE: weighted minimum norm estimation. MS: meta state. UWS:
unresponsive wakefulness syndrome. MCS: minimally conscious state. eMCS: emergence from minimally conscious state. LDGD: Local Deviant Global Deviant.

2.5. Dynamic meta-state analysis 2.6. Instantaneous amplitude correlation (IAC)

The main brain meta-state analysis pipeline is based on previously The first step of the process consisted of computing a tensor of
published works (Ntnez et al., 2022, 2021a). The principal steps of the instantaneous connectivity for every subject by means of the orthogo-
method are detailed below and summarised in Fig. 1. nalized instantaneous amplitude correlation (IAC) in the classical
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frequency bands: delta (delta (8, 1-4 Hz), theta (0, 4-8 Hz), alpha (a,
8-13 Hz), and beta (B, 13-30 Hz). This frequency separation allows the
analyses to acknowledge the inherent functional separation of EEG ac-
tivity across the spectrum, which could manifest in distinct state dy-
namics associated to specific bands (Ntinez et al., 2022, 2021a).

The IAC is a high-temporal resolution measure of FC, which lever-
ages the EEG’s high temporal resolution by giving an index of the
amplitude envelope correlation on a sample-by-sample basis (Tewarie
et al., 2019). The IAC is obtained as the Hadamard product of the
amplitude envelopes of two ROIs i and j (Tewarie et al., 2019).

IAC(t) = Ei(t)-E(t) (€D)

Here, - denotes the Hadamard product, and E (t) the amplitude en-
velope of the z-scored time-series. Due to its sensitivity to signal leakage,
a pairwise orthogonalization process was implemented on the time-
series post band-pass filtering and before computing the IAC (Brookes
et al., 2012; Nunez et al., 2021a; O’Neill et al., 2018; Tewarie et al.,
2019).

2.7. Recurrence plots

In the second step, recurrence plots (RPs) were obtained from the IAC
matrices corresponding to each temporal sample. RPs are graphical
representations that show instances where a dynamical system revisits
certain regions within its phase space, aiding in the identification of
periodic patterns (Marwan et al., 2007; Tewarie et al., 2019; Webber and
Zbilut, 2005).

In this study, as in Ntnez et al. (2021a, 2022), we employed the
Spearman correlation between the IAC FC time series on each temporal
sample to measure the proximity between two points along a trajectory
in the RP. We thus define RPs as (Nunez et al., 2022, 2021a; Tewarie
et al., 2019):

Rym = COTF[IAC(H),IAC(m)] )
2.8. Data-driven windows

From the RPs, data-driven windows can be derived to aggregate the
IAC temporally, utilizing local maxima as boundary points (Tewarie
et al., 2019). For more information on the data-driven windows, refer to
Tewarie et al. (2019).

The IAC averaged over the data-driven windows enables the
computational feasibility of the meta-state detection due to memory
constraints in our machines (256 GB of RAM). Due to the high number of
subjects in the Paris dataset, 70 patients had to be selected randomly in
the UWS and MCS group for the meta-state detection. However, the
meta-state activation measures were obtained for all subjects (see sec-
tion “Measures of meta-state activation”).

With the IAC averaged over the windows, “group” RPs were created
by concatenating the connectivity tensors of all subjects within a subject
group.

2.9. Meta-state detection

We utilised the group meta-states to obtain representations of the
temporal dynamics of meta-state activation for each subject. We used
the group RPs representing the similarity of IAC windows over time as a
weighted graph, with nodes representing data-driven windows of
aggregated IAC and edges indicating Spearman correlation values be-
tween them. We applied the Louvain GJA community detection algo-
rithm (Gates et al., 2016) to the “group” RPs to detect communities
among the connectivity windows, which were identified as meta-states.
Given the non-deterministic nature of Louvain GJA, the algorithm was
executed 100 times, selecting the solution with the highest modularity
(Blondel et al., 2008; Gates et al., 2016; Ntnez et al., 2022, 2021a).

The method is described in more detail in Ntnez et al. (2021a) and
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the implementation that can be applied to task data in Nunez et al.
(2022).

2.10. Temporal activation sequence and instantaneous correlation tensor

The sample-by-sample IAC FC tensors were correlated with the group
meta-states, and each temporal sample was assigned to the nearest meta-
state based on Spearman correlation distance. This process generated
the Temporal Activation Sequence (TAS), a symbolic time series indi-
cating the most active meta-state at each time point in the recording
(Baker et al., 2014; Cabral et al., 2017; Gohil et al., 2022; Ntnez et al.,
2022, 2021a).

The instantaneous correlation tensor (ICT) represents the Spearman
correlation of the IAC FC matrices with each group meta-state for each
temporal sample: it therefore has a size of M x N, where M is the number
of group meta-states and N is the number of temporal samples (Niinez
et al., 2022, 2021a).

Fig. 2 shows the alpha band TAS and the ICT corresponding to a 10 s
segment from a control subject during a resting state recording.

2.11. Measures of meta-state activation

A series of measures to characterise the dynamic activation of the
meta-states were extracted from the TAS and the ICT. We used a variety
of measures characterizing different aspects of the state dynamics in the
classical EEG frequency bands (delta, theta, alpha, beta). The measures
addressed three key points of the brain state dynamics: (i) from a
discrete perspective, i.e., a single state is active at a time (dwell time,
TAS complexity), (ii) from the perspective of a dynamical system
composed of attractor states (mean and standard deviation of the
instantaneous correlation speed), and (iii) from the perspective of the
correlation/anticorrelation of states (degree of antagonism, antagonism
ratio). Taken together, these metrics provide complementary informa-
tion about the temporal structure of meta-state dynamics (Ntnez et al.,
2021a).

Average dwell time: This parameter quantifies the mean duration
or lifetimes of the dominant meta-states throughout the recording.
TAS complexity: This metric characterises the structural complexity
of meta-state sequencing and is determined by the Lempel-Ziv
complexity of the TAS (Abasolo et al., 2006; von Wegner et al.,
2024). Higher values denote greater data complexity, indicative of
the variety of potential state sequences and their frequencies of
occurrence (Ninez et al., 2021a).

Instantaneous correlation speed (ICS): This measure of dynamic
stability is directly derived from the ICT. By conceptualizing the ICT
as a time-varying position vector, the Spearman correlation of each
meta-state can be interpreted as a coordinate in state space. Thus, the
ICT measures the dynamic attraction that the meta-states exert on
the instantaneous FC over time. The ICS is computed as the temporal
derivative of the ICT (Ntnez et al., 2021a). Both the mean and the
standard deviation of the ICS were obtained, to describe both the
average speed of the dynamical system and how dynamically the
speed varied in the attractor space.

Degree of antagonism: the degree of antagonism is a measure of the
distance between the correlation of the dominant meta-state at each
temporal sample and the meta-state with the highest negative cor-
relation. It is intended as a measure of the difference in the strength
of the most attractive (correlated) and the most repelling (anti-
correlated) attractors in the dynamical system of instantaneous FC,
with higher values indicating a more strongly defined dominant
state. It is described as:

1 N
DA = ; [PCinax (1) + NCpax ()] 3)
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Fig. 2. Temporal activation sequence (A), and instantaneous correlation tensor (B) in the alpha band, both derived from a 10-second segment of resting state activity
from a control subject in the Liege dataset. The group meta-states for the control group in this band are displayed to the left.

where PCpac(n) is the highest positive correlations in the ICT for
temporal sample n, and NCpmqyx(n) is the highest negative correlation
in the ICT for temporal sample n. Since NCpqx(n) has a negative value
the stronger both PCpay (1) and NCpax (n) are, the higher the degree of
antagonism. In the absence of negative correlations, the degree of
antagonism is set to 0.

Antagonism ratio: the ratio between the sum of the absolute value
of all anticorrelations and the absolute value of the correlations of all
meta states for each temporal sample. The antagonism ratio is
defined as:

2. INC(n)|

AR = = INGw)] + PCTn)

C))

where NC(n) are the negative correlations in the ICT and PC(n) are
the positive correlations in the ICT. The primary aim of this measure
is to evaluate the degree of repulsive forces influencing the ICT. High
antagonism ratio can be interpreted as indicative of heightened
meta-state anticorrelation or overall low levels of positive correla-
tions of the meta-states compared to negative ones (Ntnez et al.,
2022).

2.12. Statistical analyses

To check for possible differences in socio-demographic information
between the four groups, Kruskal-Wallis tests were conducted to deter-
mine global effects, except for sex and aetiology (TBI, anoxia, stroke,
other), which were compared by means of chi-squared tests. For the
measures of meta-state activation, Kruskal-Wallis tests were used to
detect global interactions between the four groups for all measures and
frequency bands, after determining that many of the measures did not
fulfil the requirement of normality for parametric tests (Shapiro-Wilk
test, see supplementary material Tables S2 and S3). If interactions were
found, Mann-Whitney U tests were performed to examine possible
between-group differences. A false discovery rate (FDR) correction was
implemented to adjust for the number of bands in the comparisons
(Benjamini and Hochberg, 1995). The significance level was set at
a=0.05. Statistical analyses and signal processing were performed using

MATLAB® (version R2021a Mathworks, Natick, MA). Brain networks
were visualized with BrainNet Viewer (http://www.nitrc.org/proj
ects/bnv/) (Xia et al., 2013).

2.13. Classification with meta-state EEG biomarkers

After extracting all meta-state activation measures, a series of clas-
sification analyses were conducted to evaluate their discriminatory
abilities and potential use as biomarkers. As in the previous analyses, all
meta-state activation measures were obtained from group meta-states.
We explored the possibility of using support vector machines (SVM)
and linear discriminant analysis (LDA) for classification, but decided to
employ multi-class AdaBoost as the classifier with 500 weak learners
due to the fact that it includes implicit feature selection in addition to
robust classification performance. This enabled us to observe the fea-
tures that contribute the most to group differentiation. For more infor-
mation about AdaBoost, please refer to Hastie et al. (2009). We utilized
shallow trees with a maximum number of splits equal to 10 as the weak
classifier to implicitly perform feature selection within each iteration.

Initially, a leave-one-out cross-validation (LOO—CV) procedure was
conducted within the Liege dataset and both trial types in the Paris
dataset to estimate classification robustness. Afterwards a combined
learning approach was carried out by training a single AdaBoost clas-
sifier using a mix of half the subjects from each diagnostic group in both
datasets (50 % from the Liege dataset and 50 % from the Paris dataset).
The classifier was then used to classify the remaining half of the subjects
in both datasets. This process was repeated 100 times, with random
permutations of the subjects from each diagnostic group assigned to the
training and testing groups. Receiver operating characteristic (ROC)
curves were obtained for all classification analyses.

3. Results
3.1. Meta-state detection
EEG recordings from 368 patients with DoC, 39 eMCS patients, and

73 healthy controls were analysed. Per-group community detection was
performed on each diagnostic group and frequency band. Meta-state
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Fig. 3. Brain plots depicting group meta-states (MS) in the (A) Liege dataset and (B) Paris dataset. Only the top 2.5 % strongest connections are displayed. Meta-
states were ordered based on their overall frequency of occurrence throughout the recordings in each group. UWS: unresponsive wakefulness syndrome. MCS:

minimally conscious state. eMCS: emergence from minimally conscious state.

detection was also performed at the source level using the AAL90 atlas in
the Liege dataset (see supplementary material Fig. S1) and to all the
subjects of the Liege dataset grouped together as a single group (see
supplementary material Fig. S2). Fig. 3 shows the meta-states for all
bands in both datasets. Three states were found for each diagnosis with
some variations. The meta-states mostly corresponded to a frontal,
parieto-occipital and a fronto-occipital network (in either the right or
left hemisphere depending on the condition and band), which is in line
with previous studies using this method (Ntinez et al., 2022, 2021a). In
the Paris dataset, while the meta-states largely followed the same pat-
terns of frontal, parieto-occipital and fronto-parietal networks, in some
cases different networks could be observed.

3.2. Between-group comparisons in meta-state activation

Statistically significant differences between the groups were found
for all the measures in the Liege dataset. Significant differences between
the groups were also found in the Paris dataset for all measures. The
between group-comparisons were also performed at the source level in
the Liege dataset for the subjects who had usable T1 images (see sup-
plementary material Fig. S3 and Table S4) and using the meta-states
obtained from all the subjects considered as a single group in the
Liege dataset (see supplementary material Fig. S4), and the measures
showed similar tendencies to those at the electrode level.

Fig. 4 shows the between-group comparisons of the seven measures
of meta-state activation in the Liege and Paris datasets. Tables 3 and 4
display the FDR-corrected p-values of the Kruskal-Wallis tests to detect
interactions among the 4 groups for the Liege and Paris datasets,

respectively. The p-values of the Mann-Whitney U tests for the post hoc
between-group pairwise comparisons in those bands that displayed
statistically significant interactions can be found in Tables S5-28 in the
supplementary material. Additionally, given the significant differences
in onset time for the UWS and MCS groups between the datasets, we also
studied its effects on the measures. To this end, the subjects were
separated into two groups (<1 year since onset, >1 year since onset) and
the measures were compared between groups for both datasets. The
results are shown in Tables S29 and S30 in the supplementary material.
None of the measures showed any significant differences when
comparing between these two groups, except the mean of the ICS in the
beta band in the Paris dataset.

Additionally, given the statistical differences in aetiology between
diagnostic groups in both datasets, we performed the same comparisons
using the aetiology (anoxia, traumatic brain injury (TBI), stroke and
other) to determine whether significant effects could also be found be-
tween these groups, potentially influencing the comparisons. The results
are shown in supplementary material Fig. S5. The results indicated that
for the mean and SD of the ICS, degree of antagonism and antagonism
ratio, there were significant group effects for both datasets, and the Paris
dataset also presented group effects in the average dwell time and TAS
complexity. In general, the alpha and sometimes beta bands displayed a
tendency for the TBI, stroke and “other” groups to have values closer to a
state of higher consciousness (MCS, eMCS) while the anoxia groups
displayed values closer to those of UWS.
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Fig. 4. Distribution plots depicting the (A) average dwell time, (B) TAS complexity, (C) mean of the instantaneous correlation speed (ICS), (D) standard deviation of
the ICS, (E) degree of antagonism, (F) antagonism ratio of the Liege and Paris datasets. Red rectangles highlight statistically significant global interactions, i.e., when
an effect was found between all three groups, (p < 0.05, Kruskal-Wallis test, FDR corrected by the number of bands), while coloured lines denote statistically
significant post-hoc pairwise differences, i.e., when differences between two groups were detected (p < 0.05, Mann-Whitney U test, FDR corrected by the number of
comparisons within the band). In the global interactions, an asterisk (*) indicates a significance level of p < 0.01 and two asterisks (**) indicate a significance level of
p < 0.001. In the pairwise comparisons, purple lines indicate a significance level of p < 0.05 and blue lines indicate a significance level of p < 0.001. All measures
were normalised between 0 and 1 (excluding outliers) in each band for display purposes only. UWS: unresponsive wakefulness syndrome. MCS: minimally conscious
state. eMCS: emergence from minimally conscious state. SD: standard deviation.

Table 3

Statistical comparisons for the interactions among the four groups (unresponsive wakefulness syndrome, UWS; minimally conscious state, MCS; emergence from
minimally conscious state, eMCS; healthy controls) in the Liege dataset (Kruskal-Wallis test). FDR corrected for the number of bands.

Delta Theta Alpha Beta

12 p-value 12 p-value %2 p-value 12 p-value
TAS complexity 8.553 0.046 8.014 0.046 30.371 < 0.001 23.643 < 0.001
Average dwell time 8.108 0.044 76.994 < 0.001 31.847 < 0.001 28.723 < 0.001
Mean of the ICS 0.916 0.821 49.005 < 0.001 30.75 < 0.001 16.725 0.001
SD of the ICS 5.220 0.156 6.581 0.115 28.366 < 0.001 25.665 < 0.001
Degree of antagonism 0.842 0.839 3.600 0.411 27.184 < 0.001 15.036 0.004
Antagonism ratio 0.101 0.992 7.449 0.079 58.038 < 0.001 30.909 < 0.001

Table 4

Statistical comparisons for the interactions among the four groups (unresponsive wakefulness syndrome, UWS; minimally conscious state, MCS; emergence from
minimally conscious state, eMCS; healthy controls) in the Paris dataset (Kruskal-Wallis test). FDR corrected for the number of bands.

Delta Theta Alpha Beta

12 p-value %2 p-value %2 p-value 12 p-value
TAS complexity 9.051 0.029 34.665 < 0.001 91.674 < 0.001 12.148 0.009
Average dwell time 14.899 0.003 38.759 < 0.001 85.618 < 0.001 10.312 0.016
Mean of the ICS 27.507 < 0.001 20.825 < 0.001 71.757 < 0.001 9.721 0.021
SD of the ICS 13.679 0.007 13.677 0.007 10.646 0.018 5.303 0.151
Degree of antagonism 7.517 0.057 42.116 < 0.001 46.609 < 0.001 92.253 < 0.001
Antagonism ratio 8.599 0.035 77.959 < 0.001 154.068 < 0.001 129.077 < 0.001
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3.3. Resting state (Liege)

3.3.1. Dwell time and TAS complexity

The theta and beta bands showed opposing patterns of increasing or
decreasing values with the state of consciousness. For example, the
average dwell times were longer in higher frequency bands in controls,
while UWS patients had longer state times in the theta band, with MCS
and eMCS patients displaying intermediate values in both cases. More-
over, there were statistically significant differences between all patients’
groups and controls, and individually between UWS and MCS/eMCS in
the beta band. The alpha band appeared as a transition band, with all
patients’ groups displaying shorter dwell times compared to controls.
Similar patterns could be observed in the TAS complexity, indicating
that the shorter dwell times contribute to increased meta-state activa-
tion complexity in the beta band for DoC and eMCS patients. In the alpha
band, all patient groups showed higher complexities than the control
group. Crucially, statistically significant differences were found between
UWS and MCS patients in the beta band.

3.3.2. Dynamic stability

The mean and SD of the ICS indicated that, both at the source and
electrode level, controls displayed slower speeds and decreased speed
variability in meta-state space compared to patients in the alpha and
beta bands, with the source recordings also showing the same effect in
the delta and theta bands.

3.3.3. Meta-state dominance

Finally, the measures of dominant meta-state “antagonism” indi-
cated that in the alpha and beta bands the patient groups showed less
separation between the correlation of the dominant state and the meta-
state with the highest negative correlation with the current instanta-
neous FC (degree of antagonism). This indicates that controls showed a
more dominant and well-defined active meta-state. Interestingly, the
antagonism ratio was higher in the patients in both the alpha and beta
bands, indicating more negative forces at play in the DoC and eMCS
groups.

3.4. Local-Global paradigm (Paris)

3.4.1. Dwell time and TAS complexity

The measures of meta-state activation displayed both similar and
different tendencies in the Paris dataset compared to the Liege dataset.
For instance, the average dwell times did not decrease or increase with
the state of consciousness in the theta and beta bands respectively, but
the alpha differentiation between patients and controls was still present.
The TAS complexity showed similar tendencies in both datasets in the
delta and theta bands, having significant interactions between the
groups in the four bands. However, a pattern of increasing complexity
with the state of consciousness could be observed in the alpha band that
sharply reversed in controls. The beta-band TAS complexity was also
different, with a similar pattern to that of the alpha band, in contrast to
the pattern of gradual decrease of complexity with consciousness in the
resting state. Contrary to the Liege dataset, only the TAS complexity
showed statistically significant differences between the UWS and MCS
groups in the beta band, but both this measure and the dwell time
showed differences in the theta and alpha band, an effect not present in
the Liege dataset.

3.4.2. Measures of dynamic stability

The mean and SD of the ICS again showed results that matched the
resting state in the theta and alpha band but not the beta band. In
particular, the beta band displayed a pattern of increased speed in eMCS
patients compared to other groups, and there were almost no differences
in variability of the state-space velocity. Statistically significant differ-
ences between the UWS and MCS groups were found in the delta and
alpha bands for the mean of the SD of the ICS.
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Table 5

Confusion matrix of the LOO—CYV classification performed on the Liege resting
state data. The y-axis shows the clinical diagnosis (UWS, MCS, eMCS, Controls),
while the x-axis indicates the prediction of the classifier. Each cell displays the
total number, as well as the percentage (in parentheses) of subjects classified
within each clinical category. UWS: unresponsive wakefulness syndrome. MCS:
minimally conscious state. eMCS: emergence from minimally conscious state.

Group/predicted UWS MCS eMCS Controls
UWS 9 (39.13) 13 (56.52) 1 (4.35) 0(0)

MCS 9 (39.13) 44 (80) 2 (3.64) 0 (0)
eMCS 0 (0) 7 (38.88) 10 (55.55) 1 (5.55)
Controls 0 (0) 1(2.77) 1(2.77) 34 (94.44)

3.4.3. Measures of meta-state dominance

Finally, the measures of dominant meta-state “antagonism” were
similar to those in the Liége resting state in the alpha and beta bands,
with controls showing the highest degree of antagonism and lowest
antagonism ratio values, with these values gradually decreasing and
increasing, respectively, in eMCS and DoC patients. Furthermore, sta-
tistically significant differences between UWS and MCS were observed
in the theta, alpha and beta bands for both measures.

3.5. Classification

We conducted two classification analyses using an AdaBoost classi-
fier. First, a LOO—CV procedure was performed on the Liege resting
state dataset to estimate classification robustness. The resulting confu-
sion matrix is shown in Table 5, while a histogram with the distribution
of selected features of the weak learners is displayed in Fig. S6 in the
supplementary material. The overall accuracy was 73.485 % with a
Cohen’s kappa measure of inter-rater reliability (Cohen, 1960) of 0.691.
The same procedure applied to the Paris dataset led to a kappa of 0.535,
and overall accuracy of 71.264 % (Table 6). Fig. S7 in the supplementary
material displays a histogram showing the distribution of selected fea-
tures from the weak learners. The main difference between the selected
features in the Liege and Paris datasets was the preference towards the
dwell time in the theta band, SD of the ICS in the alpha band in the
former dataset, which was not the case in the latter, where the antago-
nism ratio in the alpha and beta bands and the TAS complexity in the
alpha band were selected more than the other features overall.

In a second step, we combined both datasets by training a model on a
50-50 split of the Liege and Paris datasets and classifying the remaining
half, repeating the process 100 times with random permutations of the
subjects in each diagnostic group included in each set. The resulting
average confusion matrix is shown in Table 7, while a histogram
showing the distribution of selected features from the weak learners is
presented in Fig. S8 in the supplementary material. The average accu-
racy was 66.075 % with a kappa of 0.478. Figures S9 and S10 display the
receiver operating characteristic (ROC) curves from the leave-one-out
cross-validation (LOO—CV) of the Liege and Paris datasets, respec-
tively, while Figure S11 shows the average ROC curve from the com-
bined learning classification. In both datasets, the ROC curves indicate

Table 6

Confusion matrix of the LOO—CYV classification performed on the Paris dataset.
The y-axis shows the clinical diagnosis (UWS, MCS, eMCS, Controls), while the
x-axis indicates the prediction of the classifier. Each cell displays the total
number, as well as the percentage (in parentheses) of subjects classified within
each clinical category. UWS: unresponsive wakefulness syndrome. MCS: mini-
mally conscious state. eMCS: emergence from minimally conscious state.

Group/predicted Uws MCS eMCS Controls
UWS 106 (73.10) 37 (25.52) 2(1.38) 0 (0)

MCS 27 (18.62) 112 (77.24) 6 (4.14) 0 (0)
eMCS 9 (42.86) 11 (52.38) 1 (4.76) 0 (0)
Controls 3(8.11) 5(13.51) 0(0) 29 (78.38)
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Table 7

Average confusion matrix of the combined learning of the model performed by
training on half of the subjects from each group in the Liege and Paris datasets
and testing on the remaining half. The y-axis shows the clinical diagnosis (UWS,
MCS, eMCS, Controls), while the x-axis indicates the prediction of the classifier.
Each cell displays the total number, as well as the percentage (in parentheses) of
subjects classified within each clinical category. UWS: unresponsive wakefulness
syndrome. MCS: minimally conscious state. eMCS: emergence from minimally
conscious state.

Group/ UWS MCS eMCS Controls

predicted

UWS 52.57 27.98 1.88 (2.24) 0.57 (0.68)
(62.58) (32.14)

MCS 20.85 74.35 3.38 (3.38) 0.42 (0.42)
(20.85) (74.35)

eMCS 2.73 (13.65) 12.85 3.13 0.29 (1.45)

(64.25) (15.65)
Controls 1.93 (5.22) 5.96 (16.10) 1.58 (4.27) 26.53
(71.70)

that healthy controls were reliably classified based on meta-state dy-
namics, whereas the DoC groups were more difficult to differentiate. In
the Liege dataset, classification performance was higher for the eMCS
group compared to UWS and MCS, whereas the Paris dataset showed the
opposite trend. The combined learning approach yielded ROC curves
more similar to those of the Paris dataset, with classification perfor-
mance decreasing progressively from healthy controls to UWS, MCS, and
eMCS.

4. Discussion

In this work, we investigated brain state dynamics in patients with
DoC and eMCS. Using a meta-state detection approach on two large EEG
datasets (168 UWS, 200 MCS, 39 eMCS, 73 controls), we investigated
whether severe brain injury alters the spatial organisation of attractor
states, their temporal dynamics, or both. We found that while the spatial
architecture of states is largely preserved, DoC patients show marked
alterations in activation dynamics, including faster and less stable
transitions at higher frequencies, frequency-dependent changes in dwell
times and complexity, and a reduced separation between anticorrelated
meta-states. Notably, beta-band dynamics reliably tracked states of
consciousness, distinguishing controls, MCS, and UWS in a condition-
specific manner. These findings suggest that the injured brain retains
basic state architecture but loses efficiency in stabilising activation dy-
namics, with partial preservation in MCS compared to UWS.

4.1. EEG meta-states

EEG microstates (which are not based on FC patterns but on the
topography of the scalp maps of single-electrode activity) have been
previously used in studies with DoC patients. In particular, the dynamics
of the FC patterns of the microstates and their diagnostic capabilities
have been assessed (Hao et al., 2024; Li et al., 2024; Manasova et al.,
2025). However, a crucial distinction in the present paper is that the
brain states themselves were derived from the FC patterns, and thus no
assumptions were made on a direct equivalence between EEG power
scalp maps and FC states.

Previous works using this algorithm found similar topographies in
the meta-states (Ntinez et al., 2022, 2021a), and another EEG-based
work using k-means clustering on healthy controls and DoC patients
found 4 states, of which the first 2 also corresponded to frontal and
anterior networks (Bai et al., 2021), a result observed before in the
literature utilising MEG analyses (Vidaurre et al., 2018). The meta-state
topographies of the Local-Global paradigm differed slightly from the
resting state ones, where in some cases the networks were centred
around clusters outside the usual frontal/temporal/parieto-occipital
configurations (e.g., MCS and eMCS meta-states in the beta band).
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This could be due to the auditory processing manifesting in the
appearance of bilateral temporal auditory networks (Bekinschtein et al.,
2009).

4.2. Anticorrelated meta-states

Regarding the topographical similarity between healthy controls and
brain-injured patients, the results indicate that alterations to normal
function after severe brain injuries do not manifest as different elec-
trophysiological configurations. Instead, these changes are reflected in
the temporal activation patterns and the strength of these activations.
This is exemplified by the widespread differences in meta-state activa-
tion measures across all conditions and frequency bands. Similarly,
using k-means clustering on fMRI data from healthy controls, UWS, and
MCS patients, Demertzi et al. (2019) found four main brain patterns,
which differed in their temporal characteristics. This is in line with
Panda et al. (2022), who also found decreased dwell times and increased
stationarity in DoC using non-negative tensor factorisation. Both studies
used states obtained from all subjects grouped together (patients and
controls). When applying the same principle to the Liege dataset (see
supplementary material), we found that most of the statistical differ-
ences from the “per group” analysis persisted, further proving the hy-
pothesis that it is the temporal architecture and not the topography of
the states that is altered by DoC and eMCS.

There was a greater separation between the strongest positive and
negative correlations of the meta-states in controls compared to brain-
injured patients. It has been proposed that an important characteristic
of consciousness is the presence of anticorrelated activity patterns
(Demertzi et al., 2019, 2013; Hao et al., 2024). The Local-Global re-
cordings exhibited even more significant differences, with average
values steadily increasing with the state of consciousness in the beta
band. This finding suggests that the greater the separation between
anticorrelated meta-states, the higher the state of consciousness, a trend
that is more evident in the presence of a passive task. This could also be
related to previous observations that patients with DoC not only lack
anticorrelation but also exhibit pathological hyperconnectivity between
fMRI networks (Di Perri et al., 2016). The increased alpha and beta
antagonism ratio in DoC, taken in conjunction with the lower degree of
antagonism, also indicated low positive correlations of the instanta-
neous connectivity with the meta-states, which further points to a gen-
eral lack of brain state separation in these patients.

4.3. Meta-state dwell times and activation complexity

The measures of meta-state dynamics indicate a general increase in
state space instability in patients with DoC and eMCS compared to
healthy controls. This was evident in the alpha and beta bands resting-
state dwell times and TAS complexity. The results are consistent with
those observed by Bai et al. (2021), where three out of four states
showed longer average dwell times in controls compared to UWS and
MCS patients. In their study, the only state with longer dwell times in
DoC patients compared to controls was the anterior state, which was
dominated by low-frequency activity (delta, theta), whereas the other
three states were dominated by alpha and beta bands (Bai et al., 2021).

Our findings suggest a shift in resting-state dynamics towards lower
frequencies in brain-injured patients. An increase in relative power at
lower frequencies is a common observation in DoC patients, with UWS
patients showing higher delta activity than MCS patients (Piarulli et al.,
2016; Sitt et al., 2014; van der Lande et al., 2024). We showed that this
power shift is also evident at a higher level of abstraction when exam-
ining the brain architecture of DoC and eMCS patients, with observable
granular differences in the beta band for each group. Furthermore, this
result can be linked to observations in acute patients, showing that an
increase in beta brain activity is a sign of better prognosis (MCS, eMCS)
(Edlow et al., 2021; Forgacs et al., 2017).

It is important to note that the increased TAS complexity in patients
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compared to controls does not conflict with the widely observed trend of
decreased brain complexity in DoC patients (Sarasso et al., 2021; van der
Lande et al., 2024). Here, we analysed the complexity of the time series
of state activations, not the raw brain activity itself or the
graph-theoretic properties of the networks (Sarasso et al., 2021).
Moreover, EEG time series brain complexity is typically derived from the
entire frequency spectrum under analysis (Abasolo et al., 2006; Sarasso
et al., 2021), whereas here each frequency band was analysed sepa-
rately. We hypothesize that the decreased state activation complexity in
medium to high frequencies in controls compared to the patients is
related to the brain’s ability to maintain cost-efficient transition net-
works (Ramirez-Mahaluf et al., 2020; Zalesky et al., 2014). This finding
is in line with that of Annen et al. (2023), who found that cortical alpha
power was associated with higher metabolism in DoC patients, while the
opposite was true in controls. This supports the notion that DoC patients
suffer from decreased efficiency when trying to balance an optimal
excitability state.

During the Local-Global paradigm, the theta and alpha bands
exhibited similar dwell times and TAS complexity values as observed in
the resting state. However, the beta band showed an increase in TAS
complexity with the level of consciousness, but with a sharp decrease in
average values for the controls. This suggests a functional difference in
meta-state activation during a passive auditory task specifically in this
band, which is not observed in patients with DoC and in eMCS. Since the
beta band is related to attention and expectation during auditory sensory
processing (Todorovic et al., 2015) and has been linked to novelty
processing (Haenschel et al., 2000), the DoC patients might display
lower efficiency during the auditory task, reflected in the increased
uncertainty in the sequences of meta-states during the auditory pro-
cessing of the tones. Indeed, the global effect (GD) within the
Local-Global paradigm requires awareness of the global structure of the
task by means of conscious detection of the violation of high-level ex-
pectations, and an ERP deflection around 300 ms can sometimes be
observed in some, but not all the MCS patients in response to the global
violation (Bekinschtein et al., 2009). We hypothesise that this hetero-
geneity in the global effect could lead to mixed responses in the
meta-state activation, which could lead to a greater uncertainty and the
lack of a general monotonic tendency like the one that can be seen in the
resting state Liege dataset.

4.4. Meta-state dynamic stability

In both the alpha and beta bands, both the mean and standard de-
viation of the ICS were higher for DoC and eMCS patients, while in the
theta band, the mean was lower. These findings can be linked to the
concept of criticality in dynamical systems. It has been suggested that
the brain operates optimally near a critical point on the edge of a
bifurcation, separating a stable, low-activity equilibrium state from a
region of multistability, where multiple ghost attractors correspond to
high activity in different brain areas (Deco and Jirsa, 2012; Vohryzek
et al., 2020). Coupled with the observed shorter meta-state duration in
DoC and eMCS, these results suggest unstable high-frequency meta-state
activation in these patients, where meta-states are dominant for a
shorter time, while state-space dynamics show erratic behaviour, drift-
ing around quickly between attractors at varying speeds.

If we consider the healthy controls to be at an optimal working point,
the results show that DoC dynamics show a shift towards lower fre-
quencies: instead, the theta band presents the slower dynamics that the
controls display in the alpha and beta bands. This finding could be
mechanistically related to the widely reported power shift towards
lower frequencies in DoC patients (Piarulli et al., 2016; Sitt et al., 2014),
showing that it is accompanied by a functional frequency shift of the
working point of the criticality dynamics.

In the Local-Global task, the mean of the ICS showed widespread
differences between groups, with dynamics being faster in DoC patients
in the alpha and beta bands, and slower in the delta and theta bands.
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Given the presence of the passive auditory task, this suggests that the
delta and theta bands play a distinct cognitive role where faster dy-
namics are required. This may be linked to theta oscillations’ involve-
ment detecting and processing of deviant stimuli (Fuentemilla et al.,
2008; Hsiao et al., 2009).

4.5. Diagnostic capabilities of meta-state dynamics

As expected, the LOO—CV conducted on the individual datasets
resulted in an overly optimistic estimation of classification accuracy and
kappa when applying a combined learning approach to the model using
a mix of both datasets. Nonetheless, the decline in classification accu-
racy was reasonable given the underlying difference in the task demands
from subjects, demonstrating the robustness of the meta-state activation
measures as potential biomarkers. Other studies used the Paris dataset
with SVM as the classifier (Sitt et al., 2014), the Liege dataset with SVM
as the classifier (Chennu et al., 2017), the Liege dataset with
heartbeat-evoked response EEG segments, as well as random EEG seg-
ments, using random forest as the classifier (Candia-Rivera et al., 2021),
as well as both the Paris and Liege datasets (Engemann et al., 2018) to
classify DoC patients using a combination of spectral, connectivity, and
information-theoretic measures. The Paris dataset was used as well in
combination with the FDG-PET metabolic index (Hermann et al., 2021),
and autonomic cardiac markers (Raimondo et al., 2017) but these results
are thus not directly comparable with the present study. Sitt et al. (2014)
obtained an AUC of 0.78 for the UWS-MCS comparison using 8-fold
cross-validation on the Paris dataset. Chennu et al. (2017) obtained an
accuracy of 74 %, 100 %, and 71 % when classifying UWS, MCS- and
MCS+, respectively, using 4-fold cross validated SVM as the classifier,
and alpha participation and delta band power as the features. Can-
dia-Rivera et al. (2021) obtained an accuracy of 66.42 + 7.13 % when
using random EEG segments (as opposed to heartbeat-evoked response).
Engemann et al. (2018) used a random forest classifier and obtained an
AUC of 0.78 when training on the Liége dataset and classifying the Paris
dataset (UWS vs. MCS). On the other hand, while we also obtained an
average AUC of 0.78 (UWS vs. all and MCS vs. all), our results are not
directly comparable with these previous studies since we performed a
combined learning approach, not generalization. Supplementary table
S31 displays a comparison of our results with these studies. These results
suggest that state activation dynamics could provide complementary
information to other measures, aiding in the disentanglement of the
neural substrates underlying pathological unconsciousness and minimal
consciousness. Note that the time since onset in the Paris dataset was
shorter on average than in the Liege dataset, and thus the differences
between them could also reflect processes such as neuroplasticity, sec-
ondary degeneration, or recovery dynamics. Therefore, disease duration
could influence the diagnostic capability of the meta-state dynamics. It
is also important to point out that we decided to perform a combined
learning approach, as opposed to generalisation (i.e., training on one
dataset and testing with the other) due to the unbalanced number of
subjects, as well as the different nature of the recordings (resting state
vs. passive auditory task). Further research is needed to assess the
aforementioned potential complementary information to other
biomarkers.

In the four-way combined learning classification, meta-state dy-
namic measures were largely effective in distinguishing between the
UWS and MCS subgroups, though some overlap remained, highlighting
the challenge of this task. Nonetheless these results point to state dy-
namics being a potential marker of DoC recovery. Note that while
behavioural diagnoses were used to separate the groups in this study,
only four UWS subjects in the Liége dataset were identified as MCS*
through positron emission tomography (PET) imaging. Therefore, the
UWS group could be considered homogeneous, which supports our
attempt to contrast it with MCS. The data from the passive auditory task
was more effective in distinguishing between the DoC subgroups,
particularly by measuring meta-state antagonism. This suggests that the
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significance of state anticorrelation as a marker of consciousness is
enhanced in the presence of a passive auditory task. Additionally, task-
based functional connectivity can be higher than the one found during
rest due to the task-evoked synchronized activity, although there this
increase seems to be network-dependent (Arbabshirani et al., 2013),
which could lead to a better differentiation in state activations,
explaining the higher accuracy of the passive task. While classification
of the eMCS group remained modest, this likely reflects the small and
imbalanced sample size as well as the diagnostic complexity of eMCS,
rather than the choice of classifier. eMCS patients have regained some
functions, such as functional communication or object use, but still
present severe disability in most domains. Moreover, to be diagnosed as
eMCS, these behaviours must be observed reproducibly in two consec-
utive CRS-R assessments. As a result, eMCS patients may overlap with
MCS+ patients who display such behaviours intermittently but do not
meet the reproducibility criterion. Consistently, eMCS patients in our
study were most often misclassified as MCS, highlighting the clinical and
neurophysiological proximity of these two groups. Preliminary tests
with alternative algorithms (support vector machines, linear discrimi-
nant analysis) have yielded comparable results, suggesting that larger
and more balanced datasets will be necessary to fully establish the
discriminative value of meta-state dynamics. Notably, direct comparison
with previous literature is challenging because eMCS patients are typi-
cally excluded from most DoC classification studies, both in EEG in-
vestigations (Engemann et al., 2018; Sitt et al.,, 2014) and in other
modalities, including glucose PET (Hermann et al., 2021; Stender et al.,
2014) and fMRI (Demertzi et al., 2015). Future studies could explore
whether meta-state dynamics are more effective in distinguishing UWS
from MCS during active tasks, which are increasingly commonly used in
clinical practice (Schnakers et al., 2020).

4.6. Limitations

There are several limitations in this study. Firstly, the meta-state
detection method employed the Louvain GJA algorithm in the com-
munity detection step for consistency with previous studies (Ntnez
et al.,, 2021a, 2022). Nonetheless, other algorithms in the literature
could potentially be used (Gates et al., 2016). It also remains to be
determined whether the brain meta-states identified here have func-
tional significance or are merely representations of the most common
EEG FC clusters in the brain (frontal, parieto-occipital, lateral). In
addition, cross-sites studies are challenging due to the differences in
acquisition parameters or circumstances. Moreover, memory limitations
prevented the use of all subjects in the Paris dataset for the detection of
meta-states, as well as for the meta-states representing the combination
of the four diagnostic groups combined in the Liege, which meant that it
had to be assumed that the random sample of subjects accurately rep-
resented the meta-states of the whole group. In the same line, the gamma
band was not included in the analysis due to substantial memory con-
straints linked to the group-level recurrence plot computations, which
are particularly demanding for higher frequency bands requiring shorter
time windows. Although gamma dynamics are relevant given their role
in cognitive processes and responsiveness to stimulation in DoC, prac-
tical challenges such as high computational load and susceptibility to
muscle artifacts in EEG limit their inclusion. Future work with optimized
algorithms and improved EEG acquisition may help address these
constraints.

Additionally, we found that when separating the patients by aeti-
ology (anoxia, TBI, stroke and other) instead of diagnosis, the results
appeared to follow similar tendencies to UWS and MCS/eMCS: anoxia
being closer to UWS behaviour, and stroke and TBI being closer to MCS
and eMCS, and “other” displaying wider distributions encompassing
various diagnoses. These results can be partially explained by the
diagnosis groups showing a bias to specific aetiologies in both datasets
(in particular, anoxia is more predominant in UWS than in MCS and
eMCS). Nonetheless, it remains a limitation that due to this confounding
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factor, we cannot fully confirm whether the observed effects are due to
diagnosis, aetiology, or a combination of both. It remains an interesting
future research line to determine the relationship between aetiology and
DoC/eMCS diagnosis when it comes to neuroimaging biomarkers.

Finally, regarding diagnostic performance, we note that classifica-
tion was not the primary goal of this study. While our meta-state mea-
sures achieved performance levels comparable to previous reports using
the same datasets, they do not yet surpass established EEG biomarkers.
Instead, their main contribution lies in offering a novel dynamical
perspective on brain activity, capturing temporal stability, dwell times,
and antagonistic relationships of functional connectivity states, that
complements spectral and connectivity-based approaches. From a
neuroscientific perspective, these features could shed light into how
neural systems explore and maintain functional configurations over
time, and how DoC reflects a breakdown of the balance of flexible state
transitions between metastable states. We therefore consider the present
findings as a proof-of-concept, suggesting that meta-state dynamics
could enrich frameworks for assessing consciousness, rather than
replace existing methods. Future studies combining meta-state features
with spectral, connectivity, and information-theoretic measures in
larger and more balanced cohorts will be necessary to fully establish
their clinical utility.

5. Conclusions

We revealed that the functional connectivity architecture of the main
attractor states appears to remain mostly unchanged after injury, but
there are fundamental differences in the activation of the states in DoC
and eMCS patients. These differences include faster more unstable dy-
namics at higher frequencies and alterations in state dwell times and
activation complexity in UWS and to a lesser extent in MCS patients.
Additionally, the injured brain shows decreased separation between
anticorrelated meta-states. We also demonstrated that the meta-state
space dynamics were a reliable indicator of increased states of con-
sciousness in the beta band and differentiated controls from brain-
injured patients, as well as UWS and MCS. This effect, however, was,
for the most part, only observable in the resting state recordings of the
Liege dataset and thus was not replicable under the Local-Global audi-
tory regularity task. Further research is needed to ascertain the repli-
cability of this effect on independent datasets.

Together, the results suggest that in subjects with DoC and eMCS,
meta-state dynamics are on average faster in the alpha and beta bands
and slower in the theta band compared to healthy controls. It appears
that after injury, the brain can maintain the functional properties of its
states to some extent but fails to stabilise the system in the same way as a
healthy brain, displaying a loss of efficiency manifested in frequency-
dependent altered state activation dynamics. However, some of that
functionality seems to be partially preserved in MCS patients compared
to UWS. This work paves the way for further exploration of EEG-based
state dynamics in DoC by leveraging two large datasets to demon-
strate fundamental alterations in brain activation dynamics at rest and
in response to stimuli.
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