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a b s t r a c t
Spontaneous transient states were recently identiﬁed by functional magnetic resonance imaging and magnetoencephalography in healthy subjects. They organize and coordinate neural activity in brain networks. How
spontaneous transient states are altered in abnormal brain conditions is unknown. Here, we conducted a transient state analysis on resting-state electroencephalography (EEG) source space and developed a state transfer
analysis to patients with disorders of consciousness (DOC). They uncovered diﬀerent neural coordination patterns, including spatial power patterns, temporal dynamics, spectral shifts, and connectivity construction varies
at potentially very fast (millisecond) time scales, in groups with diﬀerent consciousness levels: healthy subjects,
patients in minimally conscious state (MCS), and patients with vegetative state/unresponsive wakefulness syndrome (VS/UWS). Machine learning based on transient state features reveal high classiﬁcation accuracy between
MCS and VS/UWS. This study developed methodology of transient states analysis on EEG source space and abnormal brain conditions. Findings correlate spontaneous transient states with human consciousness and suggest
potential roles of transient states in brain disease assessment.

1. Introduction
The human brain can be conceptualized as groups of neural networks that assemble billions of neurons into speciﬁc patterns of activity that facilitate global or between-system information transmissions
(Power et al., 2010; Power et al., 2011). The organization, interaction,
and coordination of the brain networks are thought to provide the physiological basis for any type of higher brain function (Mesulam, 1998;
McIntosh, 2000; Bullmore and Sporns, 2009). In response to environmental stimulation, task-speciﬁc brain networks are activated and coordinated to transport, process, and represent the information. While the
brain is in a resting state, it still builds dynamic conﬁgurations spontaneously, to transmit information necessary for vigilance, attention, or
upcoming behavior performance (Salvador et al., 2005; Bullmore and
Sporns, 2012; Di et al., 2013; Buzsaki, 2006). The network activities could be accompanied by hemodynamic and neurophysiological
changes, which can be captured using neuroimaging (e.g., functional
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magnetic resonance imaging [fMRI]) or electrophysiological (e.g., magnetoencephalography [MEG] and electroencephalography [EEG]) techniques. Understanding the network organization of the brain has been
a long-standing challenge in the ﬁeld of systems neuroscience.
Several methods have been proposed to organize resting-state brain
activities into various networks and describe their architectural properties (Rubinov and Sporns, 2010; He and Evans, 2010; Hyaﬁl et al.,
2015; Allen et al., 2014). Nevertheless, most of these approaches are
limited because they model the brain as single network unit, which ignores the dynamics within modular subnetworks (van den Heuvel and
Hulshoﬀ Pol, 2010). To address this problem, a data-driven method
based on the Hidden Markov Model (HMM) was proposed to identify
how multiregional coordination properties vary over time at potentially
very fast (millisecond) time scales (https://github.com/OHBA-analysis/
HMM-MAR/wiki). This method infers various discrete brain states that
recur at diﬀerent points in time (Vidaurre et al., 2018a; Quinn et al.,
2018). Finally, a series of transient brain networks (transient states) can
be identiﬁed from brain activities. The transient states show spatially
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distinct patterns of oscillatory power and connectivity, temporal hierarchical organization, correlation/anti-correlation with default mode
networks (DMNs), and predicate cognitive traits (Baker et al., 2014;
Vidaurre et al., 2018b; Vidaurre et al., 2017). A resting-state MEG study
identiﬁed 12 spontaneous transient states according to spatial power
patterns and phase-coupling features (Vidaurre et al., 2018b). The ongoing cortical activities were presented by the dynamic activation of the
underlying transient states. However, because the state inference was
based completely on data-driven computation, a fundamental question
that remains to be addressed is whether the transient states robustly exist in the human brain. Furthermore, how the analysis of transient states
extends our knowledge of brain dynamics and how it will contribute to
our understanding of brain diseases still needs to be clariﬁed.
Disorder of consciousness (DOC) encompasses a set of speciﬁc conditions—including vegetative state/unresponsive wakefulness syndrome
(VS/UWS) (Laureys et al., 2010) and minimally conscious state (MCS)
(Giacino et al., 2002)—caused by disruption of the neural activities that
sustain human consciousness (i.e., arousal and awareness). Because of
complex and multifaceted consciousness impairment mechanisms, abnormal brain networks have been reported frequently in patients with
DOC (Bodien et al., 2017), such as DMNs (i.e., anterior medial prefrontal and posterior cingulate cortices) and functional networks outside DMNs, including those involved in processing sensory stimuli and
performing higher-order cognitive tasks (i.e., extrinsic networks, such
as auditory, visual, sensorimotor, salience, and executive control networks) (Soddu et al., 2012; Vanhaudenhuyse et al., 2010; Wu et al.,
2015; Qin et al., 2015). In addition to the spatial construction, temporal
dynamics are also an intrinsic property of human spontaneous neural activities (Fox et al., 2005; Deco et al., 2011; Hutchison et al., 2013). Network dynamics can deteriorate despite a globally preserved construction integration; therefore, they should play a crucial role in the evaluation of brain networks (Damaraju et al., 2014; Barttfeld et al., 2015;
Breshears et al., 2010). One previous study pointed out that the dynamics of functional connectivity deteriorated with the fading of awareness
in patients with DOC (Naro et al., 2018).
Although these studies have revealed relationships between abnormal brain networks and DOC, a more comprehensive understanding of
DOC brain networks, which could integrate all the temporal, spatial and
dynamic properties of brain activity is warranted. Transient states, estimated by time-delay embedded Hidden Markov model (TDE-HMM)
(Vidaurre et al., 2018b), are capable of shedding light on this. Furthermore, transient states from healthy subjects revealed two intrinsic states
(anterior and posterior) in resting-state neuronal activity. The investigation of these states in patients with DOC could contribute to an ongoing debate which cortex (prefrontal or parietal cortex) is predominantly responsible for consciousness formation and fading (Koch, 2018;
Odegaard et al., 2017; Boly et al., 2017; Koch et al., 2016).
Here, we performed an analysis of transient states in resting-state
EEG source space in healthy subjects and patients with DOC, to validate
the existence and neurobiological relevance of transient states in the human brain. We investigated the relationship between state-speciﬁc features and consciousness levels, and explored the potential neurophysiological implications of transient states in DOC. Transient-state features
were used to train a machine learning model to demonstrate their diagnostic utility in discriminating between MCS and VS/UWS, a distinction
that is still diﬃcult to make. Thus, we attempted to identify the relationships between spontaneous transient states and human consciousness.

Committee of the PLA Army General Hospital, Beijing, China. For the patients, the inclusion criterion was persistence of a DOC state for at least
1 month after the acute brain insult. The demographic characteristics
of the patients are summarized in Table S1 in Supplementary Information. Importantly, the here reported EEG recordings were performed in
the ﬁrst days of hospital treatment, prior to initiation of any medication
acting on the central nervous system that could have interfered with
interpretation of the EEG ﬁndings.
The consciousness diagnosis was based on a behavioral assessment
using the Coma Recovery Scale-Revised (CRS-R) (Giacino et al., 2004).
Prior to the EEG recording, a trained neurologist conducted a CRS-R
assessment at least four times within 1 week, i.e., once per day in the
afternoon, for each patient. The CRS-R includes six items that test auditory, visual, motor, oromotor, communication, and arousal function.
The scale is both quantitative (scores ranging from 0 to 23, with higher
scores indicating a higher level of neurobehavioral function) and qualitative, as it provides subscores that deﬁne diﬀerent states of consciousness (MCS or VS/UWS). The clinical diagnosis was established according to the best consciousness level. The CRS-R was reassessed four times
during the week after the EEG recording, to validate the consistency of
the clinical diagnosis.
A ﬁnal cohort of 25 healthy subjects and 62 patients with DOC (MCS,
n = 25, age (mean ± 1SD) = 47.5 ± 14.6 years, females = 12; VS/UWS,
n = 37, age = 45.8 ± 15.9 years, females = 12) was selected for the
analysis. Three healthy subjects and 34 patients were excluded because
of an incomplete skull, lack of individual MRI data, artefacts in the EEG
signals, or an inconsistent diagnosis at 1 week follow-up (Fig. S1 in Supplementary Information).
2.2. MRI scanning and pre-processing
A three-dimensional gradient echo T1 anatomical scan (TR, 1800 ms;
TE, 2.5 ms; thickness, 1.0 mm; spacing, 1.0 mm; slices, 176; duration,
4 min 18 s) was obtained and was used to perform the source reconstruction. The MRI pre-processing was performed using a Fieldtrip toolbox (Version 20191014) running in a MATLAB environment (Version
2017b, MathWorks Inc., Natick, USA). The whole volume was resliced
onto a 1 ⋅ 1 ⋅ 1 mm3 grid aligned with the coordinate axes. The resliced
MR images were segmented into three types of tissues: brain, skull, and
scalp. Subsequently, an individual cortex mesh was generated from the
segmented MR images, and the individual head model was generated
from the mesh through the “dipoli” method (Oostendorp and van Oosterom, 1989). Additionally, the individual’s grid was calculated based
on the individual MR images and a template grid matrix, which was
created on a template MRI in Fieldtrip.
2.3. EEG recording and processing
The EEG recording setup was consistent across all participants. The
EEG data were acquired using a 64-channel EEG recorder (BrainAmp 64
MRplus, BrainProducts) equipped with sintered Ag/AgCl pin electrodes.
We set a band-pass ﬁlter at DC to 1000 Hz in the recorder. The EEG signals were digitized at a sampling rate of 2.5 kHz. The skin/electrode
impedance was maintained below 5 kΩ. Each recording lasted 10 min.
Healthy subjects were placed in a lying position on a bed and maintained an arousal state (eyes open) during the recordings. For the patients, a CRS-R arousal facilitation protocol was performed immediately
before the EEG recording to keep them aroused during EEG recording. If
a patient closed eyes for more than several seconds, the EEG recording
was terminated, the data discarded, and the CRS-R arousal facilitation
protocol and EEG recording repeated. Participants received no nutrition
within 30 min before and during the EEG recordings.
An oﬄine pre-processing was performed using EEGLAB 12.0.2.5b
running in the MATLAB environment. First, the EEG data were bandpass ﬁltered (1-40 Hz) and downsampled to 250 Hz. Then, the data

2. Materials and methods
2.1. Participants
A total 28 healthy participants and 96 patients with DOC were initially recruited into this study. Informed consent to participate in the
study was obtained from the healthy subjects and the legal surrogates
of the DOC patients. Approval of this study was granted by the Ethics
2
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Fig. 1. Schematic pipeline of the transient state analysis. (A) Transient state analysis in healthy subjects and patients with disorders of consciousness. The state
parameters were extracted from healthy subjects by a method that combined the Gaussian observation model and the Hidden Markov Model on EEG source space.
The parameters from healthy subjects were used to infer the state activities in each patient. (B) Illustration of the state segmentation and the power/connectivity
analysis. The state-speciﬁc power spectral density (PSD) was calculated from the identiﬁed state epochs (the gray bars show the identiﬁed epochs of one state).
Spatial power and connectivity were measured based on the PSD of each state (in this case the visual transient state is shown as an example).

were segmented into epochs (8 s each, without overlap). Bad channels and epochs were detected and removed by combining Wiener estimation (Mutanen et al., 2018) with visual spectrum judgment. A “fastica” algorithm-based independent components analysis (Hyvarinen and
Oja, 2000) was conducted on the retained epochs. Topography, weights
in the epochs, and the spectrum were used to detect and remove eye
blinking/movement components. A butterﬂy plot of the power spectrum was generated to check visually whether bad channels, epochs,
or distinct artefacts remained in the data; if so, the above process was
repeated. Finally, the bad channels were interpolated using a spherical
method.
The electrodes were aligned to the individual head model based on
manual matching and automatic projection. The individual lead ﬁeld
matrix was calculated based on the aligned electrodes, individual grid,
and head model. The source reconstruction was performed using a
linearly constrained minimum variance beamforming (Hillebrand and
Barnes, 2005). The whole source space was parcellated into 42 dipoles,
and source activities were projected into these 42 dipoles based on a
weighted mask and principle component analysis. The dipoles were obtained from the Human Connectome Project (Colclough et al., 2016;
Vidaurre et al., 2018b). Spatial leakage and the arbitrary dipole polarity were then resolved according to the methods proposed in reference
(Vidaurre et al., 2018b) (Fig. 1A).

types of information driving the data. The current work referred to references (Baker et al., 2014; Vidaurre et al., 2018b) and used the time-delay
embedded Gaussian distribution to focus on power patterns and phase
coupling in the resting-state EEG (Fig. 1B).
The transient states were inferred using variational Bayesian inference on the HMM. According to the transient state assumption, only one
state is active at each time point. The expression of the current state depends on the current observation (probability distribution described by
the observation model) and the past state (transition probability within
states). The number of states (K) in the data, which should be speciﬁed before the model inference, depends on the prior knowledge and
hypotheses. The details of parameter selection for the determination of
the number of states in this work is provided in the Supplementary Information. Further details about the inference process on the model can
be found in reference (Vidaurre et al., 2018b).
Similar to a previous MEG study (Vidaurre et al., 2018b), an “embedding” time window (60 ms) was used to build up the states’ description,
including not only the spatial activation pattern, but also the temporal
oscillation; i.e., at each time point, t, the autocovariance matrix (i.e.,
the total number of points × the total number of regions by the total
number of points × the total number of regions; 15 × 42 by 15 × 42 in
this work), which was measured within the 30 ms preceding and following time point t across the whole brain region, was used to infer the
hidden transient state for time point t. However, to simplify the computation and concentrate on common information, the states’ distributions
were described through principal component analysis (PCA) decomposition (84 PCs from a total of 630 PCs, explaining an average of 66.5%
of the variance). Additionally, based on the discontinuous nature of the
epochs in time, the state inference should end at the end of the epoch
and should start at the beginning of each epoch.

2.4. Time-delay embedded Hidden Markov Model (TDE-HMM)
In this work, the hidden transient states were inferred on the
group-concatenated source activity from the healthy subjects using the
HMM-MAR toolbox (https://github.com/OHBA- analysis/HMM- MAR).
This approach assumes that the EEG activities from the healthy subjects are driven by several transient states, which were described using
a multivariate normal distribution. The data were segmented by state
labels according to probabilistic observation models. Diﬀerent probabilistic distributions were used to model the properties of the transient
states. The model selection depends on an assumption concerning the

2.5. State transfer
To render the states comparable between diﬀerent groups, the
present study included a states transfer analysis from healthy subjects
3
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to patients with MCS and VS/UWS (Fig. 1A). Speciﬁcally, after inferring
the states of the healthy subjects, the transient states could be described
by Gaussian observation model bases using diﬀerent parameters (i.e., a
covariance matrix on the PCA space [84 × 84 in this work] and a scaling gain) in the same model framework. These observation models were
driven by the common information from EEG of healthy subjects and
captured structural patterns of oscillatory power and covariance within
multi-regions in time-delay embedded PCA space. Based on the observation model of such states, the probability distribution of each real
observation (an embedded covariance matrix corresponding to a time
point centered at a 60 ms time window) of the states could be estimated
in respect to the observation model family by likelihood measures (see
details in Supplementary Information). Then, for each patient, an HMM
process was used to explore the hidden state at each time point. Therefore, the source activities of the patients could be segmented into the
speciﬁc time windows of diﬀerent states according to their probabilistic
belonging distribution and their history of state expression.

the https://github.com/BYJW/EEG- Transient- State. Related toolboxes can be accessed at https://github.com/OHBA-analysis and
http://libpls.net/. Original EEG datasets including healthy subjects and
patients with DOC can be accessed with link (https://drive.google.com/
drive/folders/1CFx1Q3RqZq5Vzig2tSUA1pFyloxBBuoB?usp=sharing).
Because of the privacy regulations of the collaborating hospital, the
individual MR images can only be accessible by contacting Dr. Yi Yang
(one of the authors, aﬃliation see above) with research application.

3. Results
3.1. Four key transient states in the EEG source space from healthy subjects
Inferring transient states using TDE-HMM was a completely datadriven process. Depending on the number of states (K), the inference
ﬁnally found the state expression sequence underlying the observed
source activities. The K value determined the cluster of Gaussian observation model bases, which used diﬀerent parameters to describe the
state properties. The K value should be given before the model training, according to prior knowledge or research hypotheses. In the current
study, according to previous MEG results (Vidaurre et al., 2018b), we
initially hypothesized that the resting state of the EEG source activities
would be a mixture of 12 underlying state expressions. Then, the state
expression in each subject was checked to determine the ﬁnal number
of states, which should be commonly shared among most of the subjects (for more details, see Supplementary Information). However, even
when inferred using diﬀerent numbers of states (K = 8, 10, and 12),
four key states were always identiﬁed from the EEG source activities
(Figs S2 and S3 in Supplementary Information). They were named according to their speciﬁc spatial active patterns and phase coupling: anterior, posterior, sensorimotor, and visual. These key transient states from
the EEG source space presented similar features to the four main states
identiﬁed from the previous MEG study (Vidaurre et al., 2018b): anterior high-order cognitive, posterior high-order cognitive, sensorimotor,
and visual states. The four key states had diﬀerent spectral properties,
spatial power patterns, and functional connectivities. The anterior state
was characterized by a signiﬁcantly higher anterior delta power (t-test
with FDR correction) compared to the anterior delta power during the
expression of any of the other key states (Fig. 2A, B). It also showed
signiﬁcant connectivity within the anterior regions (permutation tests,
P < 0.01) (Fig. 2C). The posterior state was characterized by a strong alpha power and had signiﬁcant connectivity within the parietal regions.
Similarly, the sensorimotor and visual states showed sensorimotor- and
visual-speciﬁc activities in the alpha band and alpha-low beta band, respectively (Fig. 2).

2.6. Speciﬁc features of the transient states
Three types of state-speciﬁc features were measured in this work:
power spectrum density (PSD), connectivity, and temporal features. PSD
and connectivity were extracted from the states’ segmented source activities using a multitaper and coherence approach. PSD indicates statewise activation power patterns and coherence measures regarding the
phase-coupling relationship within diﬀerent brain regions. To visualize the state-wise power pattern and connectivity feature, nonparametric statistical testing (a permutation test) was used to indicate the signiﬁcance of the state-speciﬁc power and connectivity (Vidaurre et al.,
2018b).
Additionally, to investigate the state-speciﬁc diﬀerences between patients with purposeful or non-purposeful behavioral responses, betweenness values based on the state network were measured (for details, see
Supplementary Information). The betweenness evaluates the hub role
of nodes in the whole state network. Furthermore, the sequence of transient states over time of each participant was described using three
types of temporal features: fractional occupancy, dwell time, and interval time. The fractional occupancy refers to the total time spent by
each participant in each state. The dwell time and interval time refer
to the lasting time of each state’s expression and the interval between
two visits of each state, respectively. Finally, state transition was used to
present the states’ temporal relationship, as it measures the probability
of adjacent combinations (from one state to another).
2.7. Machine learning
A machine learning structure was designed to evaluate the statewise features in classifying MCS and VS/UWS (Fig. S10 in Supplementary Information). To avoid overﬁtting caused by the small number of
samples (n = 62), a feature selection strategy (based on bootstrap sampling) combined with nest structured machine learning was used to construct the binary classiﬁcation model. The classiﬁcation model was built
through a partial least squares (PLS) regression combined with a linear
discriminant analysis (LDA) (Li et al., 2018). A double leave-one-out
cross-validation and competitive adaptive reweighted sampling (CARS)
method based on parameter optimization was used to achieve good generalization performance. The details are provided in the Supplementary
Information. CARS is a sampling-based strategy for key-feature selection
performed via the optimization of model performance.

3.2. Four key transient states in patients with DOC
To allow the comparison of the patients’ states with those of the
healthy subjects, we performed a state transfer analysis on the patients
with DOC. The Gaussian observation model bases from the healthy subjects were used to segment the EEG source activities from the patients.
Therefore, state segmentation for all of the participants was based on
the same substrates. After the transfer analysis, the spectral features
were calculated from the segmented EEG source activities. The results
showed that, although there were slight distortions in the patients compared with the healthy subjects, the identiﬁed four key transient states
still preserved their speciﬁc spatial power patterns (Fig. 3) similar to the
states in healthy subjects. The patients with MCS showed more extensive signiﬁcant connectivity than did those with VS/UWS in all states
(Fig. 3).

2.8. Data availability
The MATLAB scripts—including the EEG and MRI pre-processing
pipeline, source construction and parcellation, transient state inference and transfer, and machine learning—are available at
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Fig. 2. Power and connectivity properties of the key transient states (anterior, posterior, sensorimotor, and visual) identiﬁed in the EEG source space from healthy
subjects. (A) Power spectral density (PSD) in the state-speciﬁc brain regions (means ± 1SD) during the investigated state (blue) and during the other key states (red).
The asterisks under the curves indicate statistical signiﬁcance between the investigated state and the other key states (t-tests with FDR correction, P < 0.05). (B)
Signiﬁcantly higher power of the investigated state compared with all other key states (permutation tests, level of statistical signiﬁcance, P < 0.01, color bars indicate
activation power). (C) Signiﬁcantly stronger functional connectivity of the investigated state compared with all other key states (indicated by red lines, permutation
tests, level of statistical signiﬁcance, P < 0.01) (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this
article.).

3.3. Impaired transient state dynamics and connectivity in patients with
DOC

In addition, we investigated two DMN nodes (medial prefrontal cortex [mPFC] and posterior cingulate cortex [PCC]) in the anterior and
posterior states, which were considered closely correlated with DMN
(Raichle et al., 2001; Fransson and Marrelec, 2008). Fig. 5 shows the
power in the mPFC and PCC and the coherence between them in the
anterior and posterior states. Coherence in the alpha band between the
mPFC and PCC was found to be disrupted in MCS and VS/UWS compared to healthy subjects in the anterior state (two-sample t-test, P <
0.05 with FDR correction).

Three temporal features were obtained based on the expression sequence of the transient states: fractional occupancy (Fig. 4C), dwell
time, and interval time (Fig. S8 in Supplementary Information). All
three features showed signiﬁcant diﬀerences between healthy subjects
and patients with MCS and VS/UWS. Compared with the healthy subjects, patients with DOC spent more time in the anterior state (P <
0.001, two-sample t-test) and less time in the posterior state (P < 0.001)
(Fig. 4C). For the patients with DOC, the temporal features of state expression were also diﬀerent between patients with MCS and those with
VS/UWS. Statistical analysis was performed with paired two-tailed ttests FDR-corrected for multiple comparisons (4 key transient states x
3 groups). Fractional occupancy of the anterior state was greater in
VS/UWS than MCS (P = 0.003), while fractional occupancy of the sensorimotor (P = 0.003), and visual (P = 0.001) states was lower in VS/UWS
than in MCS, or showed a strong trend towards this diﬀerence in the posterior state (P = 0.005). The higher fractional occupancy of the anterior
state observed in VS/UWS vs. MCS was mainly caused by the diﬀerence in dwell time (mean ± 1SD): 121.4 ± 4.1 ms in VS/UWS vs. 72.7 ±
3.8 ms in MCS (Fig. S8 in Supplementary Information). Conversely, the
lower fractional occupancy of the posterior state in VS/UWS compared
to MCS was mainly caused by the smaller number of appearances, as
there was a longer interval time. State transitions can also be measured
from the state expression sequence. As shown in Fig. 4A, the transition both in and out of the posterior state was signiﬁcantly suppressed
(two-sample t-tests with P < 0.05 after FDR correction) in patients with
DOC compared with healthy subjects. In contrast, the transition from
the sensory states (sensorimotor and visual states) to the anterior state
was signiﬁcantly increased. Moreover, patients with VS/UWS showed a
decreased transition between the sensory and posterior states compared
to patients with MCS (Fig. 4B).

3.4. Sensory states were correlated with purposeful behavior in patients
with MCS
As behavioral consciousness assessments (e.g., CRS-R) are focused
mainly on external awareness, the above reported diﬀerences of sensory state features (sensorimotor, visual) between healthy subjects, patients with MCS, and patients with VS/UWS motivated us to investigate
the relationship between sensory state expression and the corresponding
behavior. According to the 1-week motor/visual behavioral assessments
using the relevant CRS-R subscales, the DOC patients were divided into
diﬀerent groups based on their behavioral responses. In the motor assessment, the patients who could locate the noxious stimulation, the
object manipulation, or were even capable of higher purposeful motor
function (best motor score higher than 2, supplementary table S1) were
classiﬁed into the purposeful motor group (MCS-M). In the visual assessment, the patients who showed ﬁxation, visual pursuit, or higher visual
function (best visual score higher than 1, supplementary table S1) were
classiﬁed into the purposeful visual group (MCS-V). None of the patients with VS/UWS displayed purposeful behaviors, while some of the
patients with MCS exhibited purposeful motor and/or visual behaviors
(Figs. 6A and 7A; for more details, see Supplementary Information).
Among the patients with MCS, 13/25 individuals showed only passive behavioral responses (MCS-NM) in the motor assessment (Fig. 6A).
5
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Fig. 3. The four key transient states (A–D: anterior, posterior, sensorimotor, and visual) identiﬁed in patients with disorders of consciousness. The spatial active maps
show signiﬁcantly higher power values of the investigated state compared to other key states (permutation tests, level of statistical signiﬁcance, P < 0.01; color bars
indicate activation power). The red lines indicate signiﬁcantly higher functional connectivity in the investigated state compared to all other key states (permutation
tests, level of statistical signiﬁcance, P < 0.01). Note the reduced level of state-dependent connectivity expression in patients with vegetative state/unresponsive
wakefulness syndrome (VS/UWS) compared to patients with minimally conscious state (MCS) (For interpretation of the references to color in this ﬁgure legend, the
reader is referred to the web version of this article.).

Speciﬁc to the sensorimotor state expression, the MCS-M group showed
signiﬁcant enhancement of power in the beta band in the left sensorimotor region compared with the MCS-NM group (Kolmogorov-Smirnov
test with FDR correction, P < 0.05, Fig. 6B). The beta enhancement did
not appear at the sensorimotor regions during expression of any of the
other key transient states (Fig. S9A in Supplementary Information). Additionally, the MCS-M group exhibited stronger connectivity (i.e., higher
coherence values) in the beta frequency range with the right sensorimotor region than the MCS-NM group (Kolmogorov-Smirnov test with FDR
correction, P < 0.05; Fig. 6C). The network analysis revealed that one
left and three right sensorimotor regions showed signiﬁcantly higher betweenness values in MCS-M than MCS-NM (Fig. 6D), which suggests that
these sensorimotor regions play a stronger hub role in the sensorimotor
state expression in MCS-M compared to MCS-NM.
6/25 patients with MCS showed no purposeful visual behaviors
(MCS-NV) (Fig. 7A). The comparison of the PSD between MCS-V and
MCS-NV in visual state expression revealed a signiﬁcant diﬀerence in the
bilateral visual regions. Patients with MCS-V had higher alpha-low beta
(8.5–19.5 Hz) power in the visual region than did the MCS-NV group
(Kolmogorov-Smirnov tests with FDR correction, P < 0.05) (Fig. 7B) during the visual state expression. There was no diﬀerence of the PSD at the
visual regions during expression of any of the other key states (Fig. S9B
in Supplementary Information). Moreover, the bilateral visual regions
showed higher coherence (Fig. 7C) and higher betweenness (Fig. 7D) in
patients with MCS-V vs. those with MCS-NV in the alpha-low beta band.

3.5. State features that classiﬁed MCS and VS/UWS
The transient states showed diﬀerences between MCS and VS/UWS.
We detected many state-speciﬁc features (including PSD, state dynamics, and connectivity) that were signiﬁcantly correlated with the patients’ CRS-R scores. According to the CRS-R-based clinical diagnosis,
we trained a machine learning model using the state-speciﬁc features to
classify MCS and VS/UWS. The machine learning model used the coupling of partial least squares regression (PLSR) and linear discriminant
analysis (LDA) to establish the linear projection between the transient
state features and consciousness states (details provided in Supplementary Information). The nest structure, combined with two feature selection strategies, was used to train the classiﬁcation model.
A total of 84 transient state features were identiﬁed for the machine learning classiﬁcation. They included three types of temporal
features for each key transient state (3 features × 4 states, 12 in total), and 36 power features and 36 connectivity features at the states’
speciﬁc frequency bands and speciﬁc nodes (for details, see Supplementary Information). Several of them showed signiﬁcant correlations
with the patients’ total CRS-R scores (Fig. 8A). We conducted statistical testing (two-sample t-tests, P < 0.05) and competitive adaptive
reweighted sampling (CARS) method on 1000 bootstrap sampling sets
with all features (see Supplementary Information). This highlighted several features (with threshold value Tr = 264), including seven power
features (four anterior-state-speciﬁc nodes and three posterior-state6
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Fig. 4. The transition (from state to state) and fractional occupancy of the four key transient states (anterior, posterior, sensorimotor, and visual) identiﬁed in healthy
subjects and patients with disorders of consciousness (DOC). (A) State transition diﬀerence between patients with DOC and healthy subjects. (B) State transition
diﬀerence between patients with minimally conscious state (MCS) and those with vegetative state/unresponsive wakefulness syndrome (VS/UWS). The red arrows
indicate a signiﬁcant increase in transition, while the blue arrows indicate a signiﬁcant decrease in transition. Signiﬁcance was tested by two-sample t-tests with P
< 0.05 after FDR correction. (C) The fractional occupancy (means ± 1SD) was signiﬁcantly diﬀerent between healthy subjects and patients with MCS and VS/UWS.
∗
indicates signiﬁcance after FDR correction. Fig. S8 (Supplementary Information) shows the dwell time and interval time data (For interpretation of the references
to color in this ﬁgure legend, the reader is referred to the web version of this article.).

speciﬁc nodes, Fig. 8B) and two connectivity features (visual-statespeciﬁc states, Fig. 8B), in distinguishing MCS and VS/UWS patients.
Subsequently, the feature selection strategy was applied in each inner layer of machine training using the combination of statistical tests
(two-sample t-tests, P < 0.05) and CARS method on 50 bootstrap sampling sets (for details, see Supplementary Information) to reduce the
number of features in each fold of model learning. Firstly, we tested the
machine learning on 84 features (including power spectral density of 42
nodes and magnitude-squared coherence strength of 42 nodes) from all
time series, disregarding transient states. A total accuracy of 74% was
achieved in classifying MCS vs. VS/UWS (for details, see Fig. S11 and
Supplementary Information). Afterwards, the 84 transient state features
were given into the same machine learning structure. The PLSR-LDA
model generated prediction scores for each patient (Fig. 8C). The model
reached 86% accuracy in detecting patients with VS/UWS and 76% accuracy in detecting patients with MCS. The total classiﬁcation accuracy
reached 82%. The area under the receiver operating characteristic curve
was 0.91. Furthermore, the prediction scores showed a close positive
correlation (r = 0.64, P < 0.001) with the patients’ CRS-R total scores
(Fig. 8D). The coeﬃcient of determination was 0.41, with a root mean
squared error of 0.62.

speciﬁc spatial activation patterns and phase coupling, also exist in the
EEG source space. Using the Gaussian observation model bases obtained
from healthy subjects, we performed a transfer analysis in the EEG
space of patients with DOC. The features of the transient states showed
signiﬁcant diﬀerences between the diﬀerent consciousness groups
(healthy subjects, MCS, VS/UWS), indicating a physiologically relevant correlation between the spontaneous transient states and human
consciousness.
Although the four key transient states of the healthy subjects were
found in patients with DOC, with similar power patterns and phasecoupling features, the dynamics of the expression of the transient states
was altered. For example, fractional occupancy was signiﬁcantly increased for the anterior state and decreased for the posterior state, and
state switching was signiﬁcantly suppressed in the DOC patients, which
indicates a decrease in brain network dynamics. This method diﬀers
from conventional dynamic connectivity research, which investigates
changes in network construction. However, across methodologies, the
ﬁndings consistently demonstrate a network dynamics decrease in individuals with consciousness disorders (Naro et al., 2018).
The subnetworks identiﬁed by the anterior and posterior states exhibited a strong correlation with DMN (Vidaurre et al., 2018b). Although a debate remains regarding the cognitive functions of the DMN,
PET and fMRI studies have shown that activity in DMN is closely correlated with a patient’s level of conscious awareness (Soddu et al., 2012;
Vanhaudenhuyse et al., 2010; Wu et al., 2015; Rosazza et al., 2016),
which was considered as an important index for distinguishing between
MCS and VS/UWS (Demertzi et al., 2014; Demertzi et al., 2015). We
showed that functional connectivity in DOC patients between the mPFC
and the PCC, which are critical frontal and parietal nodes in the DMN,
was broken down in the alpha band during presence of the anterior
state. There is now increasing evidence that the disconnection of frontoparietal connectivity within the DMN is linked to a fading of consciousness (Lee et al., 2009; Boly et al., 2012; Thul et al., 2016). The
current ﬁndings support the consistent conclusion of previous studies:
DMN connectivity is disrupted in patients with DOC (Huang et al., 2014;
Vanhaudenhuyse et al., 2010).

4. Discussion
The existing literature reports a series of transient states in fMRI and
MEG studies (Baker et al., 2014; Vidaurre et al., 2016; Vidaurre et al.,
2018a). The transient states, which could be considered as brain subnetworks, showed speciﬁc temporal dynamics, spatial activation, and
correlation with diﬀerent types of information processing. In response
to environmental stimulation, speciﬁc transient states in the brain are
activated to process the task-related information (Vidaurre et al., 2018a;
Quinn et al., 2018). When the brain is in resting state, several transient
states, including four key states—anterior, posterior, sensorimotor, and
visual—, were identiﬁed with MEG (Vidaurre et al., 2018b). By using
TDE-HMM, the current study explored the transient states using restingstate EEG. The results showed that the four key states, which identify
7
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Fig. 5. Power and coherence (means ± 1SD) of the medial prefrontal cortex (mPFC) and posterior cingulate cortex (PCC) in the anterior (A) and posterior (B) key
transient states. The panels at the top and bottom show the spectral power of the mPFC and PCC, respectively. The panels in the middle show the coherence between
the mPFC and PCC as a function of the frequency. Blue, healthy subjects; red, patients with minimally conscious state (MCS); and green, patients with vegetative
state/unresponsive wakefulness syndrome (VS/UWS). The gray area indicates a signiﬁcant diﬀerence (two-sample t-test with FDR correction, P < 0.05) between the
healthy subjects and patients with MCS and VS/UWS in the anterior state (For interpretation of the references to color in this ﬁgure legend, the reader is referred to
the web version of this article.).

In recent years, many consciousness studies have debated the role of
the prefrontal cortex and posterior cortex in the process of consciousness formation (Koch, 2018; Odegaard et al., 2017; Boly et al., 2017;
Koch et al., 2016). However, there is increasing evidence that the posterior cortex may be a more decisive brain region for consciousness
(Koch, 2018; Boly et al., 2017; Koch et al., 2016; Selimbeyoglu and
Parvizi, 2010), as consciousness could be retained even after the removal of most of the prefrontal cortex of patients (Boly et al., 2017;
Koch et al., 2016). The results of the current study also provided evidence that highlighted a more critical position of the posterior state
in consciousness: a decrease of the posterior state and an increase of
the anterior state expression accompanied a decrease in consciousness.
In fact, the DOC network was trapped in the anterior “island” (increased fractional occupancy of the anterior state), losing dynamics (decreased state transition) and information interaction (decreased connectivity with other brain regions, Fig. 6A). Such low-dynamic and disconnected networks go against the foundation of human consciousness
(Ferrarelli et al., 2010; Tononi et al., 2016) and may be one of the pathophysiological mechanisms of DOC (Casali et al., 2013).
In addition to “intrinsic” networks (anterior and posterior states), we
identiﬁed an additional two sensory networks: the sensorimotor and visual states. These states are linked to cognitive processes of the external

sensory input and are considered as composing the “extrinsic” network
system (Damoiseaux et al., 2006). Our results demonstrated that the
sensorimotor and visual networks are also correlated with consciousness levels, highlighting their contribution to consciousness awareness
(Demertzi et al., 2015; Martinez et al., 2020; Yao et al., 2015). In patients with DOC, the connection strength, fractional occupancy, and the
transitions of sensory networks were decreased. Consistent with a previous study (Demertzi et al., 2015), the activation of the sensory network
showed a positive correlation with patients’ CRS-R scores. Patients with
MCS showed signiﬁcantly higher fractional occupancy and shorter interval times of the sensory states than patients with VS/UWS. At the
same consciousness level, compared with patients who only had passive
behavioral responses, the patients who retained the ability to perform
purposeful behaviors exhibited stronger power and connectivity in the
corresponding sensory states. This ﬁnding oﬀers new evidence supporting the idea that consciousness related to speciﬁc sensory input could be
predicted by the activation pattern of the corresponding sensory cortex
(Andersen et al., 2016; Boly et al., 2017). However, other factors may
limit the patients’ conscious behaviors, which could possibly produce a
bias in the results. For example, some patients exhibit a type of “cognitive motor dissociation” with an extremely limited ability to move
but with preservation of higher-level cognition in the form of reliable

8
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Fig. 6. Sensorimotor transient state in patients with a minimally conscious state (MCS). (A) Patients were classiﬁed into two groups according to the CRS-R motor
behavioral assessment: presence of purposeful motor responses (MCS-M, CRS-R motor score >2) or not (MCS-NM). (B) The PSD – frequency plot (mean ± 1SD; blue:
MCS-M, red: MCS-NM) shows the frequency bins with group diﬀerence (∗ Kolmogorov−Smirnov tests with FDR correction, P<0.05) at the motor regions during
sensorimotor state expression. Patients with MCS-M exhibited higher power in the beta band compared with MCS-NM in the left sensorimotor regions (spatial plots)
during sensorimotor state expression. (C) Lines in the connectivity plot representing the source space with 42 parcellations indicate signiﬁcantly stronger connectivity
(i.e., higher coherence values) in the beta band of MCS-M vs. MCS-NM during the sensorimotor state expression. The color of the lines represents connectivity strength,
as given in the color bar. (D) Hub values (betweenness) of the sensorimotor regions in MCS-M and MCS-NM. The sensorimotor regions played a signiﬁcant hub role
during sensorimotor state expression in MCS-M. The dot sizes represent betweenness values, with the red ones indicating signiﬁcantly higher hub values of MCS-M
compared to MCS-NM (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.).

command following, as detected using fMRI, EEG, or other noninvasive
measures of brain activity (Schiﬀ, 2015). The lack of observed purposeful behaviors does not imply the absence of functional sensory states or
networks. The current study highlighted the roles of transient sensory
network states in consciousness.
All four key transient states inferred from the HMM showed speciﬁc
spectral features. The anterior state was dominated by low-frequency
activity (delta band), while the other states had relatively higherfrequency activities (alpha and beta bands). The delta and alpha bands
are the most commonly identiﬁed frequency bands to distinguish patients with VS/UWS, MCS and healthy subjects. The enhanced delta and
suppressed alpha activities have been used as markers of a low consciousness level (Rossi Sebastiano et al., 2015). The delta power of patients with VS/UWS is higher and the alpha power lower than in patients with MCS (Piarulli et al., 2016; Naro et al., 2016). Regarding functional connectivity, patients with lower consciousness appeared to have
a greater disruption of connectivity in the alpha band than patients with
better consciousness (Lehembre et al., 2012). The ﬁndings of our study
are consistent with those of previous studies. The increase in the fractional occupancy of anterior states in DOC represented a domination of
low-frequency (delta) activity in the resting-state EEG. The decrease in
posterior and visual state expression was consistent with the decrease
in alpha activities and connectivity. In addition to the spectrum power
shift, our study also identiﬁed a spatial shift: from alpha at the posterior
cortex to delta at the anterior cortex. Such temporal and spatial shifts

were also partly revealed in microstate analyses. A lower probability of
the occurrence of an alpha-rhythmic microstate was found in patients
with DOC compared to healthy subjects (Fingelkurts et al., 2012). Thus,
the lack of awareness in patients with DOC might be related with the
domination of the low-frequency state and the lack of diversity of the
alpha states (Stefan et al., 2018). The feature-selection strategy further
underlined the importance of alpha activity for the classiﬁcation of MCS
vs. VS/UWS (Engemann et al., 2018; Sitt et al., 2014).
State transfer is essentially the sharing of Gaussian observation
model bases. State segmentation is based on the likelihood estimation
between the current observation and the Gaussian observation model
bases and the probability of state transition. Thus, a possible limitation
of the current method is the problem that the observed data could only
be compulsorily attributed to one of the identiﬁed states. In the current
study, we validated the state transfer results by measuring the normalized likelihood of the ﬁnal segmented data with the Gaussian observation model bases. The state transfer showed outstanding reliability; the
segmented data had a distinctly higher similarity with their corresponding model base (Fig. S7 in Supplementary Information) than with any of
the other state descriptions. Otherwise, if the segmented data had close
similarity with two or more Gaussian observation bases, they should be
used with caution for this type of transfer analysis. Moreover, the state
transfer process was tested ﬁrst in the healthy subjects by a training and
test split procedure, and by generation of surrogate data by random permutation of the time points (Fig. S6 in Supplementary Information). All
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Fig. 7. Visual transient state in patients with a minimally conscious state (MCS). (A) Patients were classiﬁed into two groups according to the CRS-R visual behavioral
assessment: presence of purposeful visual responses (MCS-V, CRS-R visual score > 1) or not (MCS-NV). (B) The PSD – frequency plot (mean ± 1SD; blue: MCS-V,
red: MCS-NV) shows the frequency bins with group diﬀerence (∗ Kolmogorov−Smirnov tests with FDR correction, P < 0.05) at the visual regions during visual state
expression. Patients with MCS-V exhibited higher alpha power in the bilateral visual regions (spatial plots) and higher low beta power in the right visual region
compared with MCS-NV during visual state expression. (C) Lines in the connectivity plot representing the source space with 42 parcellations indicate signiﬁcantly
stronger connectivity (i.e., higher coherence values) in the alpha-low beta band of MCS-V vs. MCS-NV during the visual state expression. The color of the lines
represents connectivity strength, as given in the color bar. (D) Hub values (betweenness) of the visual regions in MCS-V and MCS-NV. The visual regions played a
signiﬁcant hub role during visual state expression in MCS-V. The dot sizes represent the betweenness values, with the red ones indicating signiﬁcantly higher hub
values of MCS-V compared to MCS-NV (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.).

validation measures consistently led to the ﬁrm conclusion that the four
key transient states identiﬁed in the healthy subjects were also truly existing in the DOC patients (Fig. S5 in Supplementary Information), and
were not artiﬁcially generated by the state transfer process.
The data quality is a critical factor in transient state analysis, regardless of state inference or transfer. For state inference, one or more Gaussian observation model bases would be needed to describe the features
of an artefact in the case of low data quality. It would generate individually dominated meaningless states. For transfer analysis, the artefacts would also be compulsorily labeled as some states, which would
aﬀect the state features. The current study used a SOUND algorithm
(Mutanen et al., 2018) to evaluate the data quality, which is based on the
diﬀerence between the real channel signal and the ideal signal inferred
by other channels based on a shared lead ﬁeld. Thus, a high data quality
represents a close relationship between diﬀerent channels and is helpful
for network description using a covariance matrix. However, compared
with the MEG study that used 256 channels (Vidaurre et al., 2018b), the
current EEG study was limited regarding signal quality and source space
reconstruction, which could possibly explain the meaningless states that
appeared in the analysis with K = 12. However, the four key transient
states were robustly present in the data and had high similarity between
inference with a diﬀerent K number (Fig. S4 in Supplementary Information). Additionally, the stochastic estimation of HMM analysis pipeline
added uncertainty in the state inference. A reproducibility test was con-

ducted based on 30 repeated runs on the full data set. Although the results showed inconsistence of state expression to some extent, the group
diﬀerences between healthy subjects and DOC patients were robustly
present across the repeated runs (Fig. S12 in Supplementary Information).
EEG microstates analyses have been performed in DOC patients and
revealed a relationship between lack of diversity and percentage of time
spent in the alpha microstate with unconsciousness (Fingelkurts et al.,
2012; Stefan et al., 2018). These ﬁndings could be partly interpreted
from the results of the present study: suppression of alpha-dominated
posterior and visual states in patients with DOC. Although both microstates and transient states identify short-lived brain states in the
resting-state EEG, the underlying methodology of their analysis is completely diﬀerent. Microstate analysis segments the EEG time series into
predeﬁned numbers of states according to clustering of topographies.
It only takes sensor power distributions into account but does not consider the spectral and cross-spectral proﬁles like HMM does. In contrast,
transient states are not only driven by spatial distribution of spectral
power and phase-locking networks but also include temporal autocorrelation by taking into account historic state activation for the current
state estimation. Therefore, the transient states interpret more detail
and take into account more comprehensive properties from resting-state
EEG than microstates do. Moreover, the transient states are estimated
in source space, which suppresses the impact from noise and volume
10
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Fig. 8. Classiﬁcation of patients with minimally conscious state (MCS) and vegetative state/unresponsive wakefulness syndrome (VS/UWS) using machine learning.
(A) Pearson’s correlation between the features and the CRS-R scores (∗ P < 0.05). (B) Number of appearance of transient state features, selected from the bootstrap
sampling subsets. The selection strategy involved a couple of statistical tests and a competitive adaptive reweighted sampling method (for details, see Supplementary
Information). The asterisks indicate signiﬁcance in the statistical tests between MCS and VS/UWS (P < 0.01). The threshold was selected using a Gaussian mixture
model. The features robustly appeared in the selection strategy included power nodes and connectivity nodes, which are displayed on top and lateral views of the
brain at the right side. (C) Individually predicted scores for each patient with DOC using the nest machine learning structure. The pink line indicates the threshold
for the binary classiﬁcation. The right panel shows the classiﬁcation accuracy of the patients with MCS vs. VS/UWS. ACC = accuracy of classiﬁcation, AUC = area
under the curve. (D) Scatter plot of the predicted scores and the CRS-R total scores of all DOC patients. 𝑅2 , coeﬃcient of determination; RMSE, root mean squared
error. (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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conduction. Analysis of transient states enables us to draw signiﬁcant
relations between temporo-spatial brain activation and the patients’ behavior and clinical status.
In conclusion, the current study provides a new perspective on the
relationship between spontaneous transient states in brain networks and
human consciousness. The transient states aﬀord multidimensional information on the spontaneous activities, including spatial power patterns, temporal dynamics, spectral shifts, and connectivity construction,
which cover most types of feature correlations with the alteration of consciousness. The transient states closely correlated with the consciousness
level and conscious behaviors of patients with DOC. These ﬁndings will
promote our understanding of the neurophysiological mechanisms underlying human consciousness.
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