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(57) ABSTRACT

Provided are methods to measure and or monitor conscious-
ness in a subject, including analyzing brain activity with
weighted symbolic mutual information (wSMI) and/or
Kolgomorov symbolic complexity (KSC). In addition, meth-
ods and apparatus to administer a stimulus and/or a medica-
ment to a subject according to their consciousness level which
has been determined using the method described herein are
also provided.
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METHODS TO MONITOR CONSCIOUSNESS

[0001] The present invention relates to methods to measure
and monitor consciousness in a subject and involves the
assessment of EEG or an equivalent data set by assessing the
sharing of information between different parts of the brain
using symbolic mutual information (SMI) and/or by assess-
ing the complexity of the brain signals using Kolmogorov
symbolic complexity (KSC) and determining a conscious-
ness index (CI) for the subject on the basis of this assessment.
The present invention also relates to methods to measure and
monitor consciousness in a subject and involves the assess-
ment of EEG or an equivalent data set; using a strategy of
combining one or both of these measures as well as additional
indices and generating a consciousness index (CI) for the
subject on the basis of the combined results of the various
assessments. The present invention also relates to methods
and apparatus to monitor the consciousness ofa subject and to
administer cognitive or another form of stimulation and/or
medication to the subject on the basis of their level of con-
sciousness or alterations therein.

[0002] Developing a test capable of detecting conscious is
an important and ongoing area of research and further
insights into the basis of consciousness are of general interest,
but such a test is essential in two cases: for patients with
Disorders of Consciousness (DOC) and for subjects under-
going general anesthesia.

[0003] Many patients cannot communicate explicitly and
are described with clinical labels such as coma, vegetative
state, minimally conscious state, and locked-in state, this
general class of condition being classified as Disorders of
Consciousness. A distinction has been introduced between
the vegetative state (VS) and the minimally conscious state
(MCS). Both exhibit similarly preserved arousal, but MCS
patients show signs of intentional behavior while VS patients
remain utterly unresponsive. The clinical distinction between
these two states is very difficult. It has been reported that up to
43% of patients are erroneously diagnosed as VS (1). Unfor-
tunately, even in the case of patients assessed by specially
trained neurologists, science and modern medicine remain
hard-pressed to decide whether a patient diagnosed as VS
could still be conscious but unable to communicate (2,3).

[0004] For subjects undergoing general anesthesia,
although infrequent, consciousness during a surgical proce-
dure has been reported and can lead to surgical complications
and even led to post-traumatic stress disorders (PTSD). It has
been reported that this phenomena occurs at arate of 2-3 cases
per 1000 patients (4). In France there are approximately 4
million surgeries under general anesthetic per year and there-
fore it would be expected that around 10000 instances of
intraoperative consciousness occur every year in this country
alone.

[0005] Currently no reliable method has been developed to
routinely identify consciousness in a subject in spite of
intense experimental and theoretical efforts. This is in part
due to continued uncertainty as to the precise neural signa-
tures of conscious processing. Similarly, from a cognitive
psychology perspective, it has proven difficult to identify
operations unique to the conscious brain (5).

[0006] Several approaches have been attempted in the art,
with varying degrees of success. For instance, Owen and
collaborators have shown that functional MRI could detect
consciousness in some VS patients (3) and, in one case,
restore some communication (7). Similar results may be
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obtained using scalp electroencephalography (EEG), a more
economical and practical technique that can be easily applied
at the bedside (8-10).

[0007] Specifically concerning the detection of unexpected
consciousness in anaesthetized patients there are two princi-
pal commercial EEG anesthesia monitors available:

[0008] 1) The Bispectral index (BIS) from Aspect Medical
Systems, Inc., USA and Covidien plc, Ireland.

[0009] 2) The “Entropy Module” from GE Healthcare,
USA (11).
[0010] These two systems have also been tested in DOC

patients. The bispectral index showed contradictory reports:
while Gill et at. showed that it does not reliably correlate with
the patients conscious state (12), Schnakers et. al. reported
statistically significant differences (p<0.05) between the VS
and MCS patients (13).

[0011] Inarecent study Avidan et al. (14) showed that BIS
monitoring might not be better to prevent intraoperative
awareness than standard monitoring of end-tidal anesthetic-
agent concentration (ETAC). The study reported a total of 7 of
2861 patients with intraoperative awareness in the BIS group
compared to 2/2852 in the ETAC group.

[0012] Gosseries et al. tested the Datex-Ohmeda S/5
entropy monitoring system and their study showed that
entropy could reliably discriminate VS from MCS but only in
the acute phase (15).

[0013] InDOC patients the need for a system that automati-
cally detects consciousness is mostly relevant in the boundary
between the VS and the MCS state. In standard clinical prac-
tice, the behavioral classification between these conditions is
done using the Coma Recovery Scale Revised (CRS-R) (16).
On this scale the boundary between the groups corresponds to
a CRS-R equal to 9. In both the Gosseries and Schnakers
studies the VS and MCS populations had CRS-R scores dis-
tant to that boundary (VS=4+1; MCS=1123) making the
comparison less relevant. Efficiency invariance to the delay
post-injury is also very relevant. Both studies showed dis-
crimination efficiency only for acute cases.

[0014] A further method to monitor consciousness under
anesthesia has been developed which is based on symbolic
transfer entropy (W02012/150015). This method, originally
introduced by Staniek et al. quantifies the directionality of the
information transfer between signals (17). In simple terms
this method looks for the transmission of information, as
indexed by a given set of electrical signals, from one portion
of the subject’s brain to a second, the detection of this direc-
tional transmission of information being taken by the pro-
posed system as an indication of consciousness. Although as
good as existing methods, it is not clear that this approach is
superior to those which already exist. As detailed in the
present Patent Application below, the inventors have proven
that this earlier method (based on directional symbolic trans-
fer entropy) to able to discriminate between VS from MCS
patients less well that the methods proposed in the present
Patent Application.

[0015] No reliable method or apparatus yet exists which
routinely allows the detection of residual consciousness and
especially the differential diagnosis of a VS and MCS sub-
jects.

[0016] The inventors have now proposed and tested a new
approach to measuring consciousness in a subject, compris-
ing analyzing brain activity with symbolic mutual informa-
tion (SMI) and/or Kolgomorov symbolic complexity (KSC).
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[0017] This new test allows the differentiation of MCS and
VS subjects, as well as the deteunination of unwanted con-
sciousness in a normal subject undergoing anesthesia.

[0018] In particular the brain activity is measured using a
technique selected from the group comprising: electroen-
cephalography (EEG), Magneto-encephalography (MEG),
electro-corticography (ECOG), intracranial local field poten-
tials (LFPs), functional magnetic resonance imaging (fMRI)
and functional near-infrared imaging (fNIRS).

[0019] Inaccordance with the presentinvention when brain
activity is measured using FEG at least 2 electrodes are used
(plus a reference site electrode), in further embodiments up to
256 or more electrodes may be used.

[0020] In the context of the present invention the measure-
ment of brain activity when made using EEG, in its simplest
form, measures the difference in electrical potential between
the electrodes and a further reference point/electrode.

[0021] In accordance with a further aspect of the present
invention the recorded brain activity undergoes pre-process-
ing. In such pre-processing artifacts, such as movement arti-
facts, are removed and the recorded signal is bandpass filtered
(typically with cutoff frequencies of 0.5 Hz and 30 Hz).

[0022] In accordance with a further aspect of the present
invention the recorded brain activity undergoes Symbolic
Transformation or an equivalent mathematical mapping. The
brain activity signals are transformed to a series of discrete
symbols using the same principles as in (Bandt & Pompe,
2002) or an equivalent mathematical mapping. The main
advantages of this method are (1) the possible identification
of nonlinear patterns in the signal (2) the reduction of the
problem space to a limited set of discrete symbols and (3) its
robustness to noise. The transformation is performed by first
extracting sub-vectors of the signal recorded from a given
sensor, each comprising n measures separated by a fixed time
delay (t). The parameter T thus determines the broad fre-
quency range to which the symbolic transform is sensitive.
Each sub-vector is then assigned a unique symbol, depending
only on the order of its amplitudes. Fora given symbol size (1)
there are n! possible orderings and thus equal amount of
possible symbols. In actual brain recordings, symbols may
notbeequiprobable, and their distribution may not be random
either over time or over the different sensor locations. The
method evaluates these deviations from pure randomness.

[0023] Inaccordance withthe present invention the sharing
of information across different brain areas is analyzed using
weighted symbolic mutual infoiniation (wSMI).

[0024] In accordance with this aspect of the present inven-
tion, a non-directional estimate of the coupling between two
EEG recordings is obtained by computing the weighted
mutual information between time series corresponding to the
two electrodes sites. This is achieved by computing the
weighted mutual infoiination between each pair of electrodes
after firstly transforming the brain activity using symbolic
transformation. A key aspect of the invention and which dis-
tinguishes it from classical Mutual Information approaches
and makes it more sensitive to consciousness, is that the
different combinations of symbols x and y are assigned a
weight w(x,y) which can range from zero to one. The inven-
tors refer to this measure as weighted Symbolic Mutual Infor-
mation (WSMI) and it is estimated as follows:
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px, y)
pp(y)

wSMI= ) > wix. y)p(x. ylog

xeX yeY

[0025] where x and vy are all symbols present in signals X
andY respectively; p(x,y) is the joint probability of co-occur-
rence of symbol x in signal X and symbol y in signal Y; and
p(x) and p(y) are the probabilities of those symbols in each
respective signal. Finally, w(x,y) is a weight matrix. The
weight matrix can be optimized to be most sensitive to the
types of symbol correlations that characterize consciousness.
In particular, the weights can be used to reduce the impact of
a trivial coupling such as when x and y are the same symbol
or when are mirror symbols (same symbol after sign change).
By reducing the weight w(x,y) for such pairings, and letting
the rest of the elements of w(x,y) equal to one, the inventors
can reduce the impact of the contribution of common brain
sources to the two recorded signals X and Y, and ensure that
the wSMI measure gives a more accurate estimation of true
information sharing between two regions of interest, which is
thought to reflect consciousness.

[0026] Algorithmic information theory has been intro-
duced by Andrey Kolmogorov and Gregory Chaitin as an area
of interaction between computer science and information
theory. The concept of algorithmic complexity or Kolmog-
orov-Chaitin complexity (K) is defined as the shortest
description of a string (or in this case a time series). That is to
say, K is the size of the smallest algorithm (or computer
program) that can produce that particular time series. Unfor-
tunately, it can be demonstrated by reductio ad absurdum that
there is no possible algorithm that can measure K (Chaitin,
1995). To sidestep this issue, the inventors estimated an
upper-bound value of K(X). This can be concretely realized
by applying a lossless compression of the time series and
quantifying the compression size. Capitalizing on the vast
signal compression literature, the inventors heuristically used
classical open-source compressors (gzip and bzip2) (109) to
estimate K(X). Following the same logic as for wSMI, the
inventors computed the complexity from the symbolic trans-
formed series, the inventors call this measure: Kolgomorov
Symbolic Complexity (KSC). To compute it, the symbolic
series are compressed and KSC(x) is calculated as the size of
the compressed string divided by the size of the original
string. The premise is that, the bigger the size of the com-
pressed string the more complex the structure of the time
series, thus potentially indexing the local neural processing
captured by that sensor.

[0027] In accordance with this aspect of the present inven-
tion therefore the method to measure consciousness in a sub-
ject may use Kolmogorov-Chaitin complexity or following
transformation of the brain activity data set as indicated
above, Kolgomorov Symbolic Complexity so as generate a
measurement or monitor consciousness in a subject.

[0028] In accordance with a further aspect of the present
invention, a number of further analyses maybe performed
upon the brain activity, selected from the group comprising:
[0029] Event-Related Potentials (ERPs) such as Mid-la-
tency auditory potential corresponding to the first sound (P 1);
Contingent Negative Variation (CNV); P3a; P3b; Mismatch
negativity (AMMN), Contrasted P3a (AP3a) and contrasted
P3b (AP3b);

[0030] Time frequency analysis such as power quantifica-
tion in different spectral bands;
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[0031] Spectral summaries such as Power spectrum cen-
troids {i.e.. medium spectral frequency (MSF), spectral edge
frequency (SEF)} and Spectral entropy (SE);

[0032] Signal complexity such as Permutation entropy;
Kolmogorov Chaitin complexity:;

[0033] Information sharing (across electrodes) such as
Phase Locking Value (PLV); Phase Lag Index (PLI); Global
algorithmic complexity (GK);

[0034] In accordance with another aspect of the present
invention, following the analysis of the brain activity accord-
ing to wSMI, KSC and/or any of the above indices, a con-
sciousness index (CI) is produced. The optimal measure or
combination of measures leading to CI is determined using
machine learning techniques (including support vector
machines and/or neural networks and/or regression). As
explained below the combination of these various measures
using this approach successfully enhances the discrimination
power in a study of patients with disorders of consciousness.
[0035] In accordance with a preferred embodiment of the
present invention a support vector machine is used to analyze
the various data and predict which group the subject belongs
to.

[0036] In accordance with a preferred embodiment of the
present invention therefore there is provided a method to
measure or monitor consciousness in a subject comprising the
steps:

[0037] a)Acquisition of EEG signals via an array of at least
2 electrodes (and a reference) positioned upon a subjects
head;

[0038] b) Pre-processing of the EEG signals of step a);
[0039] c¢) Symbolic transformation of the signals from step
b);

[0040] d) Analysis of the signal from step c¢) using at least

wSMI and/or KSC.

[0041] e) Calculation of a consciousness index.

[0042] In accordance with a further aspect of the present
invention there is provided a system to automatically stimu-
late a patient according to the real-time output of the con-
sciousness index calculated according to the present inven-
tion.

[0043] Such asystem would be used to attempt to influence
the transitions across states of consciousness, and possibly
enhancethe recovery of a stable conscious state, by delivering
to patients cognitive or other suitable stimulus (e.g.: a familiar
voice uttering the patient’s name), specifically during periods
in which the consciousness index reaches a critical value or
target window, as revealed by electrophysiological markers.
This positive reinforcement approach may help to speed up
significantly consciousness recovery in patients with long-
lasting fluctuations and slow emergences from the vegetative
state. Alternatively modes of stimulation could involve: phar-
macological or transcranial electromagnetic stimulation.
[0044] For a better understanding of the invention and to
show how the same may be carried into effect, there will now
be shown by way of example only, specific embodiments,
methods and processes according to the present invention
with reference to the accompanying drawings in which:
[0045] FIG. 1. Symbolic Transfer Entropy (STE) quantifies
the amount of information transferred from one signal to
another, as the divergence of transitional probabilities in a
given signal when the information from a second signal is
available. In the present example (a), when signal X is in state
A, it is either followed by B or by C. Based on knowledge of
signal X alone, the transitions Ai—=Bi+d and Ai—Ci+d
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appear random (b). However, one can note that the Ai—Bi+0
transition only occurs when signal Y attime i is in state D, and
the Ai—Ci+9d transition only when signal Y is in state E at
time i. Thus, the state of Y at time i adds information about the
future (i+0) of X. This information transfer is formalized in
equation (c).

[0046] FIG. 2. Symbolic Transfer Entropy reveals a change
of information transfer from and to centro-posterior regions
across states of consciousness.

[0047] (a) Directional connectivity analyses are repre-
sented by two 1-dimensional graphs, each organizing 13
scalp regions of interest along the antero-posterior axis.
These two 1D topographies respectively represent the source
(predictor) and the destination (predicted) of information
transfer. Results are also separately depicted for ipsilateral
connections, contralateral connections, and midline regions.
(b) ASTE for each group is summarized using similar 2x1D
topographies. Regression analyses across the four states of
consciousness demonstrate that the balance of information
flow (ASTE) from centroposterior regions was positively cor-
related with the state of consciousness.

[0048] FIG. 3. Median STE and ASTE at each CSD site and
each electrode.
[0049] (a) Current-Source Density (CSD) Topographies

summarize STE (top) and ASTE (bottom) changes across
states of consciousness. Despite an apparent trend, statistical
analyses reveal no significant mean differences across
groups.

[0050] (b) Similar graphs are plotted for (non-CSD) EEG
Topographies. Regression analyses reveal an overall increase
of frontal EEG channels’ STE. Pair-wise comparisons con-
firm this effect by revealing that frontal EEG channel present
a significantly lower STE in unconscious (VS) subjects. A
similar trend was also visible across posterior channels, but
did not resist correction for multiple comparisons (FDR).
ASTE analyses suggest that the balance of information flow is
positively increased with conscious states over centro-poste-
rior regions.

[0051] FIG. 4. STE and ASTE for each pairs of CSD and
EEG clusters. (Supplement of FIG. 2)

[0052] STE (top) and ASTE (bottom) for each group is
summarized using 2x1D topographies based on the same
representation code as FIG. 6. (a) Directional connectivity
analyses applied to CSD signals only revealed a small trend
across states of consciousness: information transfers from
and to centroposterior areas were positively associated with
consciousness. ASTE results are identical to FIG. 6.

[0053] (b) Similar analyses were applied between (non-
CSD) EEG channels. The results confirm that consciousness
is associated with an overall increase of bidirectional infor-
mation transfers across scalp regions. ASTE analyses
revealed similar patterns for EEG and CSD data.

[0054] FIG. 5. Review of functional connectivity studies in
DOC patients.
[0055] The number of patients recorded with different

apparatus is summarized for most studies investigating func-
tional connectivity in DOC patients. The present study gath-
ers a unique cohort of VS and MCS patients suffering from
different etiologies and levels of acuteness.

[0056] FIG. 6. A multi-dimensional approach to categorize
states of consciousness. (A) Paradigm used for patient stimu-
lation. Spectral and information-theory measures were com-
puted in the non-specific response window, while event-re-
lated potentials (ERPs) were computed on the later window.
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(B) Taxonomy of EEG-derived measures used to categorize
states of consciousness. Measures can be conceptually orga-
nized along several dimensions: First, the inventors distin-
guish measures of stimulus processing (event-related poten-
tials (ERPs), further subdivided into early versus late
components) from measures of ongoing activity. The latter
are classified according to the theoretical background used to
derive the measure: (1) Spectral (Fourier frequency analysis)
or Information Theory; (2) Local dynamics or connectivity:
some measures are computed within each electrode, while
others index the interactions between electrodes; and (3)
average parameter value or fluctuation across trials: the
inventors study either the mean () or standard deviation (o)
of a measure across trials.

[0057] FIG.7.Discrimination power for all measures. Each
line provides a summary report of one measure. The measures
are ordered according to the taxonomy presented in FIG. 6.
The location of each dot corresponds to the area under the
curve (AUC) for a pairwise comparison of two states of
consciousness (see Methods). Chance level corresponds to
AUC=50% (central vertical line). If AUC is bigger than 50%,
it means that the corresponding measure tends to increase in
parallel to the state of consciousness (from VS to MCS and
CS). If AUC is smaller than 50%, it means that the corre-
sponding measure tends to decrease when states of con-
sciousness increases. Dot shade and size indicate the type and
significance of the comparison (see legend in the middle
panel). The red color is the most relevant since it indicates a
significant difference between the VS and MCS states of
consciousness.

[0058] FIG. 8. Summary of the measures that discriminate
the VS and MCS states of consciousness. In this diagram,
each measure is placed at coordinates that reflect its power in
discriminating MCS from VS recordings (area under the
curve, AUC). The x axis indicates discriminatory power for
the average of this measure over trials, while the y axis indi-
cates discriminatory power for its fluctuations across trials.
For instance, the Kolmogorov complexity (K) measure
appears in the bottom right quadrant, which means that its
average value is significantly higher in MCS thanin VS, while
its standard deviation, conversely, is higher in VS than in
MCS. Measures marked in bold were significant (pzz<0.
05). Non-significant measures are indicated with dots.
[0059] FIG.9. Scalp topography of the main measures that
discriminate between states of consciousness. The first four
columns show interpolated views of the corresponding mea-
sure on the scalp surface, in polar coordinates (top=front,
bottom=back), for each group (VS, MCS, CS and Healthy
controls). The fifth column shows the statistics (p<0.01
uncorrected) of the comparisons between the three patient
groups. The code for the comparisons is indicated in the lower
right corner of the figure (grey and white colors are most
relevant since they indicate a significant difference between
the VS state and all other states of consciousness). The sixth
column shows the statistics of a regression analysis of the
measure across the four groups (light gray indicates p<0.05,
white p<0.01).

[0060] FIG. 10. Comparison of EEG-based classification
with clinical diagnosis and patient outcome. Top, confusion
matrix showing, on the y axis, the clinical diagnosis, and on
the x axis, the prediction using the automatic classifier based
on EEG measures. In each cell, the inventors indicate the
number of recordings and, in parentheses, the corresponding
percentage (out of the total number of recordings with this
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clinical diagnosis). The diagonal indicates that the EEG-
based classification matches the clinical diagnosis in a majot-
ity of cases. Off-diagonal terms suggest an inappropriate
classification, but may also indicate that EEG measures are
detecting information unseen by clinicians. Indeed, the bot-
tom pie charts show the clinical outcome of the VS patients, as
a function of whether EEG measures classified them as VS or
in a higher state of consciousness (MCS or CS). The prob-
ability of recovery was significantly higher (p,,,z<0.05) for
patients classified into a higher state of consciousness than for
patients predicted to be truly VS.

[0061] FIG. 11. Sensitivity of the permutation entropy
measure to frequencies in the EEG, given different tau param-
eter values. Sensitivity was measured as one minus the per-
mutation entropy (1-PE). The inventors evaluated how sen-
sitivity varied when the frequency spectrum was scanned
using a sinusoidal oscillation embedded in white noise. The
graph shows that, when the parameter T increases, PE
becomes increasingly sensitive to lower frequencies.

[0062] FIG. 12. Scalp topography of all the measures that
discriminated between states of consciousness. Same format
as F1G. 9.

[0063] FIG. 13. Discrimination power of the single best
measure vs. the combination of all measures. For each con-
scious state group (VS, left, MCS, middle and CS, right). The
inventors compared the probability of being correctly classi-
fied based a single measure or on multiple measures com-
bined. In both cases, a k-fold cross-validation procedure was
used to obtain an unbiased quantitative estimate of discrimi-
nation power (chance 33%). Note that the combination of
measures is more efficient than any single measure, suggest-
ing a synergistic interaction: different measures convey par-
tially independent information about states of consciousness.
[0064] FIG. 14. Receiver operating characteristic (ROC)
calculation. ROC curves are calculated from the comparisons
between the distributions (i.e. panel A for spectral entropy
(SE)) of a given measure for all clinical groups. The curve
displays the false positive rates (FPR) versus the true positive
rates (TPR) as a discrimination criterion C is varied. In panel
B the inventors show the ROC curves corresponding to the
MCS>VS, C8>VS and CS>MCS comparisons. The discrimi-
nation power of the comparison is quantified from the Area
under the curve (AUC) which is equal to the probability of a
random element of class A to have a higher value than a
random element of class B. For the SE measure the AUC is
always >50% for all comparisons, meaning that higher values
of this measure index higher clinical states. Panel C displays
the AUCs corresponding to the comparisons in same ways as
in FIG. 7. In panels D, E and F the inventors repeat the
analysis for normalized delta power. This measure has the
opposite trend to SE, decreasing with conscious state. In this
case, this is capture by AUCs<50%.

[0065] FIG. 15. KSC connectivity summary for VS and
MCS patients

[0066] FIG. 16. ROC analysis for the KSC measure
[0067] FIG. 17. Symbolic transformation of the EEG signal

and wSMI computation

[0068] (a) The transformation of continuous signals (X)
into sequences (X) of discrete symbols (A, B ... F)enables an
easy and robust estimation of the mutual information shared
between two signals. T refers to the temporal separation of the
elements that constitute the symbol. (b) By computing the
joint probability of each pair of symbols the inventors can
estimate the Symbolic Mutual Information (SMI) shared
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across two signals. (¢) SMI is weighted to disregard conjunc-
tion of symbols confounded with common sources.

[0069] FIG. 18. Etiology and acuteness factors on wSMI
[0070] (a) The median wSMI across current sources is
depicted for each state of consciousness. Error bar represent
standard error of the mean (SEM). Significant pair-wise com-
parisons are denoted with stars. Analyses were reproduced for
each (b) etiology and (c-d) degree of acuteness. Results show
that median wSMI is mainly affected by consciousness states.
[0071] FIG. 19. wSMI increases with consciousness state
[0072] (a) The median wSMI that a given EEG channel
shares with all other channels is depicted for each state of
consciousness. (b) Significant pair-wise comparisons are
color coded for each EEG channel. (¢) Topographies are
constructed from the two-dimension transform of the 256
EEG net.

[0073] FIG. 20. 3D display of wSMI between major scalp
regions.
[0074] (a) All 120 pairs formed by 16 clusters of EEG

channels are depicted as 3D arcs.

[0075] (b) The radius of each arc is proportional to the
Euclidian distance separating the two clusters. Color and
thickness are proportional to the mean wSMI shared across
pairs of clusters.

[0076] (c) Statistical comparisons show that VS patients’
wSMI is impaired across most clusters.

[0077] FIG.21. wSMI as a function of Euclidian distances
between EEG channels.

[0078] (a) wSMI is plotted as a function of the Euclidian
distance separating each pair of EEG channels. wSMI drops
towards zero as distances diminish, but are relatively stable
from 8 onwards. (b) Histogram plotting the density of chan-
nels pairs as a function of distance. (¢) Whereas wSMI does
not differentiate consciousness states at short distances, VS
patients’ wSMI is strongly—and is more—impaired at
medium and long distances.

[0079] FIG. 22. Qualitative simulations.

[0080] The figure depicts, for each simulation (lines) the
diagram of the simulation (1), the prior and joint probabilities
matrices atthe source (i) and at sensor level (iii) as well as the
SMI and wSMI estimated at the sensor level (iv). (i), Circles
represent simulated sources (X, Y) and their coupling
strength (i.e. the amount of information sharing measured
with SMI at the source level) is indicated by the width of the
horizontal bar joining X and Y. Squares represent sensors (X
hat Y hat), which can both capture a heterogeneous mixture of
signals from source X and Y. The amount of signal they
received from X andY is represented by the width of the lines.
Blue lines indicate a signal recorded on the positive side of the
simulated “electric field” whereas red lines indicate recorded
signals with the opposite sign. Line width is proportional to
the respective values in the simulations. Red lines indicate a
signal recorded at the opposite site of the electric dipole.
[0081] (ii) Prior probability of each symbol to belong to
each source (P(S1X), P(SIY)) as well as the joint probability
matrix depicting the probability of each symbol SY to occur
inY if X is in SX. (ii1) Similar prior probabilities and joint
probabilities are estimated at the sensor level.

[0082] (iv) Qualitative SMI and wSMI results as estimated
from sensor signals (X hatY hat).

[0083] (a-c). Set of scenarios in which there is a strong XY
coupling.
[0084] (d-e) Setofscenarios in which there is an very small

coupling.
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[0085] (a) Sensors capture quasi pure signals (95%) from
their respective source and only a small proportion of the
other source (5%). In this trivial case, SMI and wSMI applied
at the sensor level are both good estimates of the XY cou-
pling.

[0086] (b) Sensors capture heterogeneous signals (65%)
from their respective source but are largely contaminated by
the other source (35%). In this difficult case, wSMI indicate a
real XY coupling.

[0087] (c) A similar case to (b), except that one of the
sensors is located at the opposite side of X and Y—mimicking
the bipolar characteristics of electric fields.

[0088] (d) Sensors capture a 65% mixture of X and Y,
although XY coupling is close to zero. SMI thus overesti-
mates the amount of XY coupling because it captures mutual
information observed at the sensor level. This overestimation
is in due to the projection of common source’s signals on
sensors. Note that the sensor joint probability matrix overes-
timates the downward diagonal. In contrast to SMI, wSMI
remains robust to common source artifacts.

[0089] (e)A similarcaseto (d),except that one of the sensor
is located in the opposite side of the sources. Note that the
joint probability matrix now overestimates the opposite
diagonal. In contrast to SMI, wSMI remains robust to com-
mon source artifacts.

[0090] FIG. 23. wSMI is robust to the chosen parameters.
[0091] a.Median wSMI obainted all tested parameters (7=
[4, 8,16, 32] ms).

[0092] ©b.A few DOC patients were evaluated and recorded
several times to identify consciousness improvements (see
example 1 Methods). This analyses replicates (a) using only
EEG recordings obtained from unique subjects.

[0093] c. Median wSMI obtained in each individual EEG
recording (black dot) as a function of state.

[0094] d. Sensitivity—specificity analyses estimated with
an empirical Receiver-Operating Curve.

[0095] FIG. 24. Non-clusterized wSMI across states of
consciousness. (Supplement of FIG. 26)

[0096] For each clinically defined state of consciousness,
all of the 32640 pairs of current sources are plotted in 3-di-
mensions following the principles described in FIG. 3. The
color of each arc indicates the symbolic mutual information
(SMI) for the corresponding channel pair. As in the cluster
analysis (FIG. 26), results show that the mutual information
between a priori distinct cortical sources increases with states
of consciousness.

[0097] FIG. 25. Complementary analyses.

[0098] a.wSMI is presented for all tested (t=[4, 8, 16, 32]
ms). FIG. 28 corresponds to =32 ms.

[0099] b.SMIatt=32 ms is displayed. Results show that in
contrast to wSMI, SMI exponentially increases as the dis-
tance separating two EEG sensors tends towards zero.
[0100] c. Replication of the wSMI (=32 ms) distance
analyses using different time periods of the EEG (post audi-
tory stimulation).

[0101] d. Replication of the wSMI (t=32 ms) statistical
analyses using different time periods of the EEG (post audi-
tory stimulation). Results show very similar effects than the
one reported in the manuscript.

[0102] e. Phase Locking Value (PLV) across distances for
each consciousness state and frequency of interest.

[0103] f. Phase Lag Index (PLI) across distances for each
consciousness state and frequency of interest.
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[0104] g. PLI statistical analyses across consciousness
states at the 9 frequency range. Results suggest a small but
significant increase of delta synchrony among VS patients.
However this results doesn’t interact with distance.

[0105] h. PLI statistical analyses across consciousness
states at the o frequency range. Results suggest a small but
significant impairment of alpha synchrony among VS
patients.

[0106] There will now be described by way of example a
specific mode contemplated by the Inventors. In the following
description numerous specific details are set forth in order to
provide a thorough understanding. It will be apparent how-
ever, to one skilled in the art, that the present invention may be
practiced without limitation to these specific details. In other
instances, well known methods and structures have not been
described so as not to unnecessarily obscure the description.

EXAMPLE 1

1.1 Materials and Methods for Example 2, 4 and 5

[0107] Participants

[0108] 181 high-density EEG recordings (75 VS, 68 MCS,
24 Conscious patients (CS), and 14 Healthy controls) were
obtained from 126 subjects (Age: M=47 years old, SD=18
years, males: 72%). CS patients refer to patients with severe
brain damage but who were still capable of functional com-
munication and therefore did not belong to the MCS category.
Note that 60% of CS patients had actually recovered from a
VS or an MCS state. 16 DOC patients were recorded twice
during their stay at the hospital, and 13 other were recorded
between 4 and 6 times. Each of these subsequent recordings
were performed between 1 and 673 days (mean=74 days,
STD=157 days) following the initial EEG recording, and
were aimed at tracking improvements in the patients’ clinical
state. The inventors categorized each patient in one of three
types of delay (acute, intermediate and chronic) separating
their accident from the time of EEG recording. Acuteness
thresholds were determined from percentile analyses: the
acute state refers to the third of patients with the shortest
delays between their accident and the EEG recording (<25
days) whereas the chronic state refers to the third of patients
with the longest delays (>50 days).

[0109] Etiologies were typical of DOC patients: 23% had
gone through an anoxia or a hypoxia, 34% had had an intrac-
ranial hemorrhage (either ischemic infarcts or intracerebral
hemorrhages), and 25% suffered from a traumatic brain
injury (TBI). The rest of the patients had suffered from other
miscellaneous or mixed etiologies. A chi-square testing the
interaction between etiology (hypoxia, intracranial hemor-
rhage, TBI or other) and conscious state (VS, MCS or CS
patients) revealed no significant result: %(6,N=172)=7.13,
p>0.308, which suggests that analyses looking at the corre-
lations between EEG measures and patients’ states of con-
sciousness will not be confounded by etiology. The delay
separating DOC onset and the EEG study was variable
(mean=187 days, STD=533 days)), and mainly depended on
the necessity for the patients to get an EEG to facilitate
clinical diagnosis.

[0110] Allpatients had been without sedation for at least 24
hours priorto the recording session. Trained neurologists (FF,
BR, LN) performed a careful clinical evaluation of patients’
conscious state based on the French version of the Coma
Recovery Scale Revised (CRS-R) (40) before each EEG
recording.
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[0111] Note that EEG recordings of healthy subjects dif-
fered from the patients’ in many respects that are irrelevant to
conscious states: EEG recordings were performed in a quiet
EEG room rather than at bedside, without any surrounding
clinical equipment, subjects were fully attentive to instruc-
tions, clearly understood the task, etc. Thus, the inventors
focus primarily on statistical comparisons between the clini-
cal groups of VS, MCS and CS patients. Results from healthy
subjects are nevertheless useful in the sense that they inform
on the monotony of a given measure of consciousness.
[0112] Experimental Design

[0113] The EEG recordings were obtained during auditory
stimulation following Bekinschtein et al’s paradigm (18) for
clinical purposes. Except if stated otherwise, analyses focus
on time periods during which subjects were presented to
undifferentiated series of tones. Thus, and unlike previous
studies (10, 18, 20), all trials were pooled independently of
the condition of auditory stimulation.

[0114] Patients undertook this paradigm for clinical pur-
poses. The auditory stimuli were 50 ms-duration sounds com-
posed of 3 sinusoidal tones (350, 700, and 1400 Hz, hereafter
sound A; or 500 Hz, 1000 Hz, and 2000 Hz, hereafter sound
B), with 7-ms rise and 7-ms fall times. Sequences were com-
posed of five stimuli presented at a Stimulus Onset Asyn-
chrony (SOA) of 150 ms, and were separated by a variable
silent interval of 1350 to 1650 ms (50 ms steps). The
sequences could comprise five identical tones (XXXXX,
where X can be sound A or sound B) or four identical tones
followed by a distinct one (XXXXY). In a given block, 80%
of trials consisted in one type of sequence (frequent) and 20%
of trials were of the other type (rare sequence), pseudo ran-
domly distributed at least one and at most six frequent trials
apart. Each block started with a 30 s habituation phase during
which the frequent sound sequences were repeatedly pre-
sented to establish the global regularity, before the first rare
sequence was heard. Sounds were presented via sterilized
headphones with an intensity of 70 dB, using E-prime v1.2
(Psychology Software Tools Inc.). At the beginning of each
block, the experimenter gave a spoken instruction to count the
rare sequences. The instructions attempted to motivate the
patient to pay attention to sound, and patients were system-
atically called by their first names. All subjects heard at least
8blocks ina pseudo-random sound fixed-rule order (two runs
of AAAAA, BBBBB, AAAAB, BBBBA global standards).
Up to four additional blocks could be performed in case of
highly noisy recordings.

[0115] Since the goal was to probe information exchanges
in ongoing brain activity, unlike previous studies (21-23), all
trials were pooled independently of the condition of auditory
stimulation. Analyses were performed over 800 ms epochs,
first during the initial period of auditory stimulation (=200 ms
before 1stsound until the beginning oflast sound which could
differ across conditions), and were then subsequently repli-
cated on the time period following the beginning of the last
sound (+600 ms to +1336 ms) for control analyses.

[0116] EEG Recording and Preprocessing

[0117] EEG recordings were sampled at 250 Hz with a
256-¢lectrode geodesic sensor net (EGI, Oregon, USA),
band-pass filtered (0.2-45 Hz) and segmented from -200 ms
to +1336 ms relative to the onset of the first sound and base-
line corrected over the first 200 ms. Trials in which voltages
exceeded 150V, eye-movements activity exceeded £80 mV
or eye-blinks exceeded =150 mV were rejected. All these
processing stages were performed in the EGI Waveform Tools
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Package. Channels with a rejection rate superior to 20%
across trials were rejected. Bad channels were interpolated
with non-artifacted neighboring channels. Trials with more
than 20 bad channels were rejected. Four recordings with
fewer than 200 remaining non-artifacted trials were excluded
from the present study.

[0118] Current Source Density (CSD) estimates—also
known as Laplacian transforms—were implemented using
Kayser & Tenke (24) script on each subject separately. CSD is
close to subtracting, from each channel, the activity of neigh-
boring sensors; this technique thus diminishes volume con-
duction and increases the spatial focalization of EEG infor-
mation.

[0119] Analyses specifically referring to Fz, Cz and Pz
EEG channels were based on an average of 6 EEG channels
surrounding each of these channels.

[0120] Indices of Information Sharing

[0121] In order to quantify the coupling between sensors
the inventors introduce a novel index: symbolic mutual infor-
mation (SMI). EEG signals were transfolined in a series of
discrete symbols using the same principles as in (25). The
main advantages of this method are (1) the possible identifi-
cation of nonlinear patterns in the signal (2) the reduction of
the problem space to a limited set of discrete symbols and (3)
its robustness to noise. The details of this computational step
are provided in the supplementary method. The inventors
calculated the symbolic transformation for every channel/
trial with the following parameters: n=3 time samples
(sampled at 250 Hz) and t=4, 8, 16 or32 ms (i.e. 1,2,4 or 8
time samples).

[0122] A non-directional estimate of the coupling between
two BEG recordings can be obtained by computing the
mutual information between two time series. In this case, the
inventors computed the mutual information between each
pair of electrodes after doing the previously described sym-
bolic transformation. The inventors refer to this measure as
Symbolic Mutual Information (SMI) whose computation is
described in the supplementary method.

[0123] Phase-lag index (PLI) (26) which measures the
asymmetry of the distribution of phase differences between
two signals was also estimated on various frequency bands
(0-4 Hz, 4-8 Hz, 8-13 Hz, 13-20 Hz, 20-30 Hz, 30-45 Hz).
[0124] Directional connectivity measures based on the
symbolic transform mentioned above were finally imple-
mented. Symbolic Transfer Entropy (STE) (17) accounts for
the divergence of transitional probabilities in a given signal
when the infolination from a second signal is available and
can thus be used to estimate the information flow from
between two signals.

[0125] Statistics

[0126] Except if stated otherwise, statistical analyses were
performed with R and Matlab (2009b), with non-parametric
methods and two-tail tests (based on Wilcoxon, Mann-Whit-
ney Utests and robust regression methods). Significance level
was set to p<0.05, and false discovery rate (FDR) was used to
correct for multiple comparisons (hereafter noted as pypz)-
[0127] Connectivity analyses were performed on each pair
of CSD transform of EEG signals. Except if stated otherwise,
topographies represent the median connectivity each CSD
estimate share with all other non-facial channels. Cluster
analyses were performed by averaging the measures obtained
from the 256 CSD within 13 (SMI) or 16 regions (STE).
[0128] Distance analyses were performed to estimate how
functional connectivity varies with the spatial distance sepa-
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rating two EEG channels. Distance between channels was
calculated along a straight line in a 3-dimensional Euclidian
space using the EGT default electrode coordinates.

[0129] Indices of Information Sharing

[0130] In order to quantify the coupling between sensors
the inventors introduce a novel marker: symbolic mutual
information (SMI). SMI is an extension of the permutation
entropy analysis (27) and is calculated between each pair of
channels, and for each trial, after the transformation of the
EEG time series into a string of discrete symbols. As
explained below, the advantage of this measure is its ability to
detect non-linear coupling, its computation time and its
robustness to noisy EEG.

[0131] Symbolic Transform

[0132] Permutation entropy (PE), introduced by (27), is an
effective method to compare time series and distinguish dif-
ferent types of behavior (i.e. periodic, chaotic or random) in
the signal. The main advantages of this method are (1) the
possible identification of non-linear patterns in the signal (2)
the reduction of the problem space to a limited set of discrete
symbols (3) its robustness to noise. The basic principle of this
method consists in transforming a signal into a sequence of
discrete symbols and to quantify the entropy of the signal
from the probability densities of those symbols. The transfor-
mation is performed by first extracting sub-vectors of the
signal, each comprising n measures separated by a fixed time
delay (t). The parameter T thus determines the broad fre-
quency range to which the symbolic transform is sensitive.
Because using T values larger than 1 can induce aliasing, the
inventors applied a low pass filter to the continuous signal in
order to maintain the frequency-band specificity of each mea-
sure. Cutoff frequencies were set according to the following
empirical formula: f, .=(80 Hz)'t. Each sub-vector is then
assigned a unique symbol, depending only on the order of its
amplitudes. For a given symbol size (n) there are n! possible
orderings and thus n! symbols. The inventors calculated the
symbolic transformation for every channel/trial with the fol-
lowing parameters: n=3 time samples (sampled at 250 Hz)
and t=4, 8, 16 or 32 ms (i.e. 1, 2, 4 or § time samples). The
parameter n determines the number of symbols in the trans-
formation (n!). In this case, to robustly estimate the symbols
probability densities, the inventors choose n=3. This value
has been shown to be sufficient to detect dynamical changes
in EEG during anesthesia (28). Symbolic transform of a sig-
nal X will be hereafter referred to as X. After the symbolic
transformation of the signal, the probability of each symbol to
appear in a specific CSD estimate is calculated.

[0133] Symbolic Mutual Information (SMI)

[0134] A non-directional estimate of the coupling between
two EEG recordings can be obtained by computing the
mutual information between two time series. In this case, the
inventors computed the mutual information between each
pair of electrodes after doing the previously described sym-
bolic transformation. The inventors refer to this measure as
Symbolic Mutual Information (SMI) estimated as follow:

SMI(R, P)= Z Z (3, $)log pp( E;p(y é)

2R 3eb

[0135] where X and ¥ are all symbols present in signals X
and Y respectively; p(X, §) is the joint probability of co-
occurrence of symbol X in signal X and symbol ¥ in signal Y;
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and p(x) and p(¥) are the probabilities of those symbols in
each respective signal. The probability rate Px(X, ¥) refers to

[0136] Weighted Symbolic Mutual Information (wSMTI)
[0137] Weighted Symbolic Mutual Information (wSMI) is
introduced to disregards trivial conjunction of patterns across
two signals. Indeed, EEG is notorious for being subject to a
series of artifacts, including muscle contraction, eye blinks
and volume conduction, which artificially induces common
signal patterns in distinct EEG sensors. In consequence, SMI
canbe applied to conjunction of symbols which are less likely
to be caused by common sources. With a symbol size of 3
(k=3), most trivial patterns corresponds to the conjunction of
identical items (SX=SY), as well as the conjunction of
opposed items (SX=-SY). Opposed items could indeed be
found if two EEG sensors records each electric side of a
common dipole. These two set of symbol pairs (identical and
opposed) corresponds to the two diagonals of the joint prob-
ability matrix. The computation of wSMI follows SMI’s with
the addition of a weight parameter:

p(x, y)

wSMI = Z Z w(x, y)p(x, y)log 2P0

xeX yeY

[0138] Phase Locking Value and Phase Lag Index

[0139] The Phase Locking Value (PLV) measure the phase
correlations of two signals. The Phase Lag Index (PLI)
method, proposed by (29) measures the asymmetry of the
distribution of phase differences between two signals. The
advantage of PLI, as compared to traditional functional con-
nectivity analyses such as phase coherence and Phase Lock-
ing Value (PLV), as well as to the SMI method introduced
above, is that it is avoids the spurious assignment of a high
functional connectivity value to two EEG channels that both
reflect the same underlying neural source. Indeed, whenever
two channels record voltages arising from a shared source,
their instantaneous phase difference is essentially 0 modulo
7, leading the sign of the PLI to converge towards 0 (29).
[0140] To estimate it, signals are first band-passed filtered
at a given frequency range and Hilbert transformed (in the
present study: 0-4 Hz, 4-8 Hz, 8-13 Hz, 13-20 Hz, 20-30 Hz,
30-45 Hz). The 14 difference in instantaneous phase is com-
puted for each pair of CSD estimate, ateach time point and for
each trial.

[0141] Both PLV and PLImethods are affected by the num-
ber of time samples they consider. Like the traditional Phase
Locking Value method, PLI is affected by the number of time
samples considered. At the extreme, if only one time-sample
is considered, its average value will be equal to 1 or -1, even
if the two channels are fully independent. The more time
samples are considered, the less PLI overestimates the con-
nectivity between two channels. As there was a variable
amount of non-artifacted trials performed by each patient, the
inventors first computed a single-trial PLI estimate, for each
trial, by averaging the sign of the phase difference across all
time samples within this trial. Each trial had the same number
of time samples; these values could therefore be compared
with one another. For each subject, the absolute value of these
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single-trial PLIs was then averaged across trials to yield a
final PLI estimate. As a consequence, trial number only
affected the robustness of the PLI estimate, and did not intro-
duce a systematic bias related to the number of trials. Both
measures are computed using the following formulas:

s

1
§Z sign[¢1(s) - ¢2(s)]

=1

[0142] Where N is the total number of trials, S the total
number of time sample in a given trial, and ¢1(s) and ¢2(s) the
instantaneous phases of the two channels considered at a
given time sample s.

[0143] Directional Connectivity: Symbolic Transfer
Entropy (STE)
[0144] Beyond the mutual information of two signals,

which provides only correlational evidence, several methods
have been developed in the past decades to estimate the causal
interactions between neural signals. Two main approaches
have emerged in the neuroimaging field: Dynamical Causal
Modeling (DCM) compares full causal models in their ability
to fit a signal set, whereas granger causality or transfer
entropy measures compare information flow across pairs of
signals.

[0145] Dynamical Causal Modeling (DCM) provides a
way to compare different models of brain activity that may
account for a given dataset (30-31). While data cannot
directly provide causal information, models fitted to the data
make different assumptions about causal flows. These models
are then compared with one another in their ability to fit the
data with a minimum number of parameters. However, the
derivation of DCM models from EEG data requires a series of
non-trivial methodological steps. First, in order to create a
realistic forward model of the head that may be inverted to
vield current source estimates, the subjects” MRI must be
correctly segmented and the conductances properly estimated
a critical procedure in a clinical situation, as many patients
present extensive brain and skull damage and limit the usage
of common head models. Second, a very small set of areas
contributing to the EEG signal must be decided a priori, as the
number of DCM models increases over-exponentially with
the number of areas (32). Yet, fMRI and intracranial record-
ings have shown that numerous cortical sites are recruited by
the present auditory task (21), presumably reflecting its per-
ceptual, attentional and working memory demands. Model-
ing such data with a small number of sources thus becomes
difficult and potentially highly inaccurate (33-34).

[0146] For these reasons, and to keep the number of pre-
processing layers and a priori assumptions to a minimum, the
inventors did not perform DCM. Instead, to estimate causal
interactions amongst patients’ brain areas, the inventors
quantified the Transfer Entropy (TE) of all pairs of current-
source density estimates. This method has the advantages of
not requiring a model of the interaction and to be able to
capture nonlinear interactions (20). In this case the inventors
calculated TE on the symbolic transformed signals; this
method is named Symbolic Transfer Entropy (STE). As in
Granger Causality analyses, the essence of STE is to estimate
information flow from Y to X., i.e. the extent to which the
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knowledge of signals X and Y better predicts the future of X,
than the knowledge of signal X alone. STE differs from
Granger Causality, however, in the way that it actually esti-
mates this added information. Granger relies on a multiple
linear regression, whereas STE relies on information theory
applied to non-linearly transformed signals.

[0147] STE accounts for the divergence of transitional
probabilities in a given signal when the information from a
second signal is available:

R 1 b
STE, . = E pRivgs %, §ilog————t
7.5 e pEis | 3)

[0148]  Where the sum runs on all symbols of the sequences
X and Y. The lag separating the two time samples of interest
is referred to as 0. corresponds to the joint probability of
concurrence of any given symbol in signal X at time i, in
signal Y at time i and in signal at time i+d. p(X,+0I%,) corre-
sponds to the transitional densities in signal. Finally p(X+
dIX,, ¥,) refers to the same transitional densities but condi-
tional to the symbols in signal Y at time i.

[0149] FIG. 1 provides a schematic representation of the
actual meaning of this equation. Symbols’ size (t) was iden-
tical to SMI analyses (v=4, 8, 16 and 32 ms), and STE was
tested at different lags (6=12, 36, 60, 84, 120, 144, 180, 204
and 240 ms) to check for parameters robustness. If not men-
tioned otherwise, analyses report STE computed with the
following parameters: T=32 ms, d=36 ms.

[0150] To increase the robustness of probability density
estimation, and therefore the reliability of the directional
connectivity measure, STE was computed from the following
procedure: 1) for each trials, EEG channel or CSD estimation
were transformed into symbolic sequences. 2) Meta-trials
were then formed from the concatenation of 10 temporally
consecutive trials. 3) Probabilities densities were computed
for each meta-trial. 4) Finally, STE was averaged across all
meta-trials.

[0151] The net information transfer, ASTE, is computed
from the difference between STE . y-and STEy .

[0152] Unlike STE, ASTE can be directly interpretable
within a given recording. However, as any directional and
non-directional connectivity analyses, the quantitative value
of STE can be importantly affected by signal-to-noise-ratio
(35); it is thus important to only consider the comparison
across groups, rather than taking the STE values as represen-
tative of the actual amount of information transferred across
brain regions.

[0153] Finally, it should be underlined that STE is an infor-
mation flow measure and does not necessarily imply a direct
causal link between the two signals considered (X & Y). For
instance, if a third area Z influence both X and Y, it remains
possible to find a net information flow from X to Y, even if X
is not directly linked to Y. However, the more areas are con-
sidered, and the less the inventors can estimate transition
probabilities with a given dataset. Following most directional
connectivity, or “causality” analyses based on transfer
entropy, the inventors therefore restricted the analyses to pairs
of signals.

[0154] Because of both the difficulty in estimating causal-
ity from an EEG signal, directional connectivity analyses
should be taken with great caution and should thus remain
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subject to later investigation using a combination of intracra-
nial recordings and electric or magnetic stimulation of the
neural networks involved.

[0155] Statistics:
[0156] Topographical Summaries
[0157] Connectivity analyses were performed on each pair

of CSD transform of EEG signals. As a result, for each sub-
ject, the inventors obtained 32640 (256x(256-1)/2) values for
non-directional analyses, and 65280 values for directional
analyses. As this huge dimensionality leads to an important
multiple comparison issue, statistics were often performed on
reduced measures (e.g. median across all pairs) or in smaller
search spaces.

[0158] Except if stated otherwise, topographies represent
the median connectivity each CSD estimate share with all
other non-facial channels. It thus estimates the amount of
information shared by a given area with the rest of the brain.
Note that the median connectivity is much more influenced by
medium and long distance connections than short ones
because most channels are distant by more than 10 cm from
one another.

[0159] Cluster Analyses

[0160] Cluster analyses were performed in order to render
the interpretation more straightforward and minimize the
issues associated with multiple comparisons. Once SMI and
STE were estimated for each pair of channels, the 256 chan-
nels were summarized into 13 (for STE: excluding facial
channels) or 16 (for SMI: including facial channels) regions
(symmetric across the antero-posterior axis). The inventors
then calculated, within each of the pairs of clusters, a sum-
mary measure by averaging the median connectivity that
every channel of the first cluster shared with every channel of
the second cluster.

[0161] Distance Analyses

[0162] Distance analyses were performed to estimate how
functional connectivity varies with the spatial distance sepa-
rating two EEG channels. Distance between channels was
calculated along a straight line in a 3-dimensional Euclidian

space (d;\/(xl-x2)+(yl-y2)+(zl-z2)2 using the EGI default
electrode coordinates.

1.2 Materials and Methods for Example 3

[0163]

[0164] Patients undergone EEG recording for clinical pur-
poses. The auditory paradigm they were presented (18) elicits
event related potentials (ERPs) that help assessing patients’
present and future state of consciousness (10, 20, 26, 37, 38,
39). Patients were recorded without sedation since at least 24
h in order to maximize their arousal and their cognitive abili-
ties during the auditory stimulation. The inventors performed
a total of 173 patient recordings. Six recording were dis-
carded because they presented less than 200 non-artifacted
trials (see below). The remaining 167 valid recordings were
acquired from 112 distinct patients (78 males and 34 females,
sex-ratio=2.29), aged from 16 to 83 years (mean=48+17
years). Patients were recorded from one to six times. They
were affected by the following usual conditions: anoxia
(24%), intracranial hemorrhage (35%), traumatic brain injury
(24%), and other etiologies (17%). The cohort had variable
delays separating the incident and the acquisition of the EEG
(mean=178 days since DOC onset; median=35 days; SD=532
days; earliest=6 days; latest=4383 days).

Patients
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[0165] Healthy Subjects
[0166] Experiments were approved by the Ethical Commit-

tee of the Salpétriere hospital. All 14 healthy subjects (mean
age=21.322.9; sex-ratio (M/F)=2.5) gave written informed
consent.

[0167] Behavioral Assessment of Consciousness

[0168] Clinical evaluation of consciousness was based on
the French version of the Coma Recovery Scale Revised
(CRS-R) scale, and careful neurological examination by
trained neurologists (FF, BR, LN). This scale consists of 23
items forming six subscales addressing auditory, visual,
motor, oromotor, communication and arousal functions.
CRS-R subscales are comprised of hierarchically arranged
items. The scale enables a distinction between conscious
(CS), minimally conscious (MCS) and vegetative (VS) states
(26). Clinical examination and behavioral assessment were
systematically performed right before EEG recording.
[0169] Auditory Stimulation

[0170] Subjects undergone the “local-global” protocol
(18). Each trial was composed of a series of five 50-ms dura-
tion sounds presented via headphones with an intensity of 70
dB and a 100 ms interval between each sound (stimulus onset
asynchrony [SOA]=150 ms). Fach sound was composed (5)
of three superimposed sinusoidal tones (either a low-pitched
sound composed with a mixture of 350, 700 and 1400 Hz
tones, hereafter sound X; or a high pitched sound composed
with a mixture of 500, 1000 and 2000 Hz tones, hereafter
sound Y). Tones were prepared with 7 ms rise and 7 ms fall
times. Four different series of sounds were used, the first two
using the same five sounds: XXXXX or YYYYY (hereafter
denoted as XX); and the other two with the final sound dif-
fering from the four other: XXXXY or YYYYX (hereafter
denoted as XY). Trials were separated by a variable interval
of 1350-1650 ms (50 ms steps). Blocks were arranged to
contain the XY trials, either as a rare (block type 1: 80%
XX720% XY); or as a frequent (block type 2: 80% XY/20%
XX) series of sounds. Both blocks presented a local (the fifth
sound could be deviant or identical to previous sounds) and a
global regularity (one of the series of sounds was rarer than
the other). In order to unambiguously establish the global
regularity, each block started with ~30-second habituation
time period during which only trials with series of sounds of
the frequent type were presented. Following the original
design (18), habituation trials following a rare auditory
sequence were discarded from the analyses. In each block the
number of rare trials varied between 22 and 30. Auditory
stimulations were presented with Eprime v1.1 (Psychology
Software Tools Inc., Pittsburgh, Pa.). Instructions to pay
attention to the stimuli and to count deviant stimuli were
delivered verbally to all patients at the beginning of each
block. All subjects performed eight blocks (3-4 min duration)
in a fixed order (two runs of XX, YY, XY, YX frequent
stimulation).

[0171] High-Density Scalp EEG Recordings

[0172] EEG recordings were sampled at 250 Hz with a
256-electrode geodesic sensor net (EGI, Oregon, USA) ref-
erenced to the vertex. Recordings were band-pass filtered
(form 0.2 to 45 Hz). Trials were then segmented from -200
ms to +1336 ms relative to the onset of the first sound. Trials
with voltages exceeding 150 V, eye-movements activity
exceeding +80 mV and eye-blinks exceeding +150 mV were
rejected. Trials were baseline corrected over the first 200 ms
window preceding the onset of the first sound. Electrodes
with a rejection rate superior to 20% across trials were
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rejected and were interpolated. Trials with more than 20
corrected electrodes were rejected. The remaining trials were
digitally transfoinied to an average reference. All these pro-
cessing stages were performed in the EGI Wavefolin Tools
Package.

[0173] Connectivity measures were based on a spatial
Laplacian transformation of the FEEG—a computation also
known as Current Source Density (CSD) estimate and imple-
mented by (24). CSD consists, roughly, in subtracting, from
each electrode, the activity of'its neighboring electrodes. This
has the main advantage of increasing spatial resolution and
minimizing the influence of common sources on multiple
distant electrodes, due to volume conduction.

[0174] Calculation of Putative EEG Measures of Con-
sciousness
[0175] The inventors calculated the entire set of EEG mea-

sures (m) independently for each individual subject, trial and
for every electrode (n,=256) or pair of electrodes (1,=32640).
Connectivity measures were summarized by calculating the
median value from each electrode to all of the other scalp
(non-facial) electrodes. In this way all measure distributions
ended up with the same number of values per subject and trial
(n,=256). Finally, for each subject, these values were again
collapsed to two scalars by considering the mean and the
standard deviation across trials.

[0176] At the exception of ERP measures, analyses were
performed on EEG data recorded during the time period when
subjects were presented with undifferentiated series of tones
(from 200 ms prior to the onset of the first tone to the onset of
the fifth tone). Thus, all trials were pooled independently of
the condition of auditory stimulation.

[0177] Computation of Measures
[0178] Event-Related Potentials (ERPs)
[0179] Mid-Latency Auditory Potential Corresponding to

the First Sound (P1)

[0180] In the present study, the P1 was computed by aver-
aging the voltage of a cluster of 7 EEG electrodes surrounding
Fz (electrodes [13, 22, 14, 6, 7, 16, 23] in the EGI 256~
electrode net) between 68 ms and 116 ms following the onset
of the first sound and across all trials.

[0181] Contingent Negative Variation (CNV)

[0182] In the present study, the CNV was computed by
averaging the slope of the EEG electrodes’ voltage observed
between the onset of the 1st sound to the onset of the 5th
sound (Linear regression, from 0 to 600 ms). For univariate
analyses, the CNV was summarized as the average slope of a
cluster of 7 EEG electrodes surrounding Fz (electrodes [15,
22,14, 6,7, 16 and 23] in the EGI net).

[0183] P3a

[0184] Inthe present study, the P3a was computed by aver-
aging the EEG electrodes’ voltage between 280 ms to 340 ms
following the onset of the Sth sound and across local deviant
trials only (XXXXY). For univariate analyses, the P3a was
summarized as the average voltage of a cluster of 7 EEG
electrodes surrounding Fz (electrodes [15, 22, 14,6, 7, 16 and
23] in the EGI net).

[0185] P3b

[0186] Inthe present study, the P3b was computed by aver-
aging the EEG electrodes’ voltage between 400 ms to 600 ms
following the onset of the 5th sound and across global deviant
trials only (rare sequences). For univariate analyses, the P3b
was summarized as the average voltage of a cluster of S EEG
electrodes surrounding Cz (electrodes [9, 186, 132, 81 and
45] in the EGI net).
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[0187] Mismatch Negativity (AMMN) and Contrasted P3a
(AP3a)
[0188] The MMN was estimated by contrasting the local

deviant trials (LD=XXXXY) vs. the local standard trials
(LS=XXXXX). Each subjects” MMN was thus summarized
as the 256-electrode topography of the LD/LS difference in
the time window between 140 ms to 192 ms after the onset of
the 5th sound. For the univariate analysis, this value was
averaged over a subset of electrodes around Fz and Cz (elec-
trodes [15, 22, 14, 6,7, 16, 23, 9, 186, 132, 81 and 45] in the
EGI net)

[0189] Similarly, the AP3a was estimated using the same
contrast than for the MMN but averaging a time window from
280 ms to 340 ms after the onset of the 5th sound. The same
electrodes as for the MMN were used for the univariate analy-
sis.

[0190] Contrasted P3b (AP3b)

[0191] The AP3b was contrasted between the rare global
deviant (GD) trials and the frequent global standard (GS)
trials 5. Each subjects’ AP3b was then summarized as the
256-electrode topography of the GD/GS difference in the
time window between 400 ms to 600 ms after the onset ofthe
5th sound. For the univariate analysis, this difference was
averaged over a subset of electrodes around Cz and Pz (elec-
trodes [9, 186, 132, 81, 45, 101, 100, 129, 128, 119 and 110]
in the EGI net).

[0192] Local Dynamics (within Electrodes)
[0193] Spectral Analysis
[0194] Power spectral density on each trial was estimated

using the Welch method (49). For each trial, each electrode
was divided in 500-ms sections with 400 ms of overlap.
Sections were windowed with a Hamming window and zero
padded to 4096 samples. The power in each frequency band
was calculated as the integral of the power spectral density
within each frequency bands, and finally log scaled. Fre-
quency-bands of interest were: Delta (8: 0-4 Hz), Theta (6:
4-8 Hz), Alpha (o 8-13 Hz), Beta (§: 13-30 Hz) and Gamma
(v: 30-45 Hz). Higher frequencies were not estimated as they
are generally difficult to capture with EEG.

[0195] Estimation of power spectral densities can be influ-
enced by several phenomena (i.e. electrode impedances) cre-
ating inter-individual variance in the absolute EEG power. In
consequence, following the method proposed in (50), the
inventors also estimated normalized versions of the power in
the frequency bands by dividing the power in each band by the
total energy in the trial (total power of the five frequency
bands equal to 100%). These estimates are referred to 9, o,
B, and v, respectively.

[0196] Spectral Summaries
[0197] Power Spectrum Centroids (MSF, SEF)
[0198] Spectral summaries were estimated using the fol-

lowing measures: median power frequency (MSF), spectral
edge 90 (SEF90) and spectral edge 95 (SEF95) (reviewed in
51). These measures are defined as the particular frequencies
that divide the power spectrum into two parts of equal area
(MSF), a lower part equal to 90% of the total area and a higher
part equal to 10% (SEF90), or a lower part equal to 95% of the
total area and a higher part equal to 5% (SEF95).

[0199] In all cases, measures were estimated using the
power spectral density for each electrode in each trial.
[0200] Spectral Entropy (SE)

[0201] The entropy of a time series is a measure of signal
predictability and is thus a direct estimation of the informa-
tion it contains (52). Entropy can be measured in the time
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domain but also in the spectral domain. Spectral entropy
basically quantifies the amount of organization of the spectral
distribution (53). The inventors implemented the spectral
entropy (SE) measure using the algorithm described for anes-
thesia monitors (11). The SE index for each electrode in each
trial was estimated with the following procedure: 1) the power
spectral density of each trial was normalized by dividing it by
the total energy in that trial; ii) SE was calculated, using the
Shannon Entropy formula for all frequency bins:

SE=-,PSD,(filog "} (SD, (1)

[0202] Signal Complexity
[0203] Permutation Entropy
[0204] Permutation entropy (PE), introduced by Bandt &

Pompe (25), is an effective method to compare time series and
distinguish different types of behavior (e.g. periodic, chaotic
or random). One key feature of the method is its robustness to
low signal to noise ratios compared to other similar methods
(25). The basic principle of this method is the transformation
of the time signal into a sequence of symbols before estimat-
ing entropy. The transformation is made by considering con-
secutive sub-vectors of the signal of size n. These sub-vectors
can be made of either consecutive elements or of elements
separated by samples (where is an integer). The parameter
thus defines a broad frequency-specific window of sensitivity
for this measure (see FIG. 11 for the spectral sensitivity of the
method given the present parameters. Since using values
larger than 1 induce aliasing effects, the signal was low pass
filtered before PE calculation, in order to maintain the fre-
quency-band specificity of each measure. Cutoff frequencies
were set according to the following formula:

80 Hz
Jip = »

T

appropriate given the sampling rate. Each sub-vector of
length is associated with a unique symbol, based solely on the
ordering of its n signal amplitudes. Given the parameter there
are possible vectors, corresponding to distinct categories of
signal variations. After the symbolic transform, the probabil-
ity of each symbol is estimated, and PE is computed by
applying Shannon’s classical formula to the probability dis-
tribution of the symbols. In this case the inventors computed
PE for every electrode in every trial with parameters n=3 and
=8, 4, 2, and 1], corresponding respectively to PEq, PE_,
PEg and PE,. Repeating the analysis with =4 yielded very
similar results. However PE becomes harder to robustly esti-
mate for larger n values, because the size of the estimated
probability matrix increases rapidly.

[0205] Kolmogorov Chaitin Complexity

[0206] Algorithmic information theory has been intro-
duced by Andrey Kolmogorov and Gregory Chaitin as an area
of interaction between computer science and information
theory. The concept of algorithmic complexity or Kolmog-
orov-Chaitin complexity (K) is defined as the shortest
description of a string (or in this case a time series). That is to
say, K is the size of the smallest algorithm (or computer
program) that can produce that particular time series. Unfor-
tunately, it can be demonstrated by reductio ad absurdum that
there is no possible algorithm that can measure K. To sidestep
this issue, the inventors can estimate an upper-bound value of
K(X). This can be concretely realized by applying a lossless
compression of the time series and quantifying the compres-
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sion size. Capitalizing on the vast signal compression litera-
ture, the inventors heuristically used classical open-source
compressors (gzip and bzip2) to estimate K(X). The inventors
exported as ASCII files the time series for every electrode and
trial. K(x) was calculated as the size of the compressed file
divided by the size of the original string. The premise is that,
the bigger the size of the compressed file the more complex
the structure of the time seties, thus potentially indexing the
local neural processing captured by that sensor. The here used
measure interprets complexity as the degree of randomness.
Further work will study alternative versions of this measure
that could better capture complexity as the critical state
between order and randomness (45).

[0207] Information Sharing (Across Electrodes)
[0208] Phase Locking Value (PLV)
[0209] The phase locking value (PLV) proposed by

Lachaux et al (46) consists in correlating the phase ¢x of a
signal X to the phase ¢y of a signal Y at given frequency. The
inventors computed PLV using a series of traditional steps:
(1) For each frequency-bin of interest (f, in 8 [0-4 Hz], 6 [4-8
Hz], o [8-13 Hz], 1 [13-20 Hz], f2 [20-30 Hz] and y [30-45
Hz]), each pair of electrodes, and at each trial, the signal X
and Y were band-passed filtered at f. (2) Then the inventors
applied the Hilbert-transformation to estimate the instanta-
neous phase ¢(t) and amplitude y(t) of X and Y at each time
pointt. (3) The phase difference ($A) between the two signals
X andY was then calculated as:

PAT)=x(0)-y(v)

[0210] Finally, the inventors computed the PLV in each trial
separately, from norm of the average phase vector ($A) across
all time samples of the trial:

1
PLV = ‘NZ oA(T)

[0211] Note that the PLV is traditionally computed directly
across trials, in order to estimate the evoked functional con-
nectivity across trials. However, this approach is biased by the
number of trial it is computed from (46, 26). In the present
study, the inventors overcome this issue by first averaging
across time in a given trial, to compute the PLV of that given
trial and then averaging this PLV_trial across trials. As the
number of time samples is fixed across trials the variability in
trial number does not bias the PLV, but, as in any other
analysis, only affects the validity of its estimates.

[0212] Phase Lag Index (PLI)

[0213] The Phase Lag Index (PLI), initially proposed by
Stam, Nolte & Daffertshofer (26) measures the asymmetry in
the distribution of phase differences between two signals. To
estimate it, the first three steps were identical to the PLV.
However, in the final step, the sign of the angle of the differ-
ence between ¢x(t) and ¢y(t) was calculated, and averaged
across time.

1 . .
PLI = NZ sign(@A(T))

[0214] Again, the mean PLI was calculated for each trial,
and then averaged across trials. Note that although PLI and
PLV are highly related, PLV can more easily conclude that
two EEG electrodes are synchronized, because it is sensitive

Feb. 18,2016

to common sources. By contrast, the PLI is insensitive to
perfect, zero-phase synchrony and therefore focuses on con-
nectivity between two electrodes which does not originate
from a single common source. Finally, because the PLI is
signed across pairs of electrodes, when the inventors needed
a summary value of PLI across electrode pairs, the inventors
averaged the absolute value of PLI.

[0215] Symbolic Mutual Information

[0216] Inorderto quantify the coupling of information flow
between electrodes the inventors introduced a novel marker:
symbolic mutual information (SMI). This method is based on
the PE analysis and is calculated between each pair of elec-
trodes, and for each trial, after the transformation of the time
series into sequence of symbols (see methods for permutation
entropy). Identically to PE, the symbolic transformation
depends on the applied tau parameter (in this case: t=8,4,2,1
corresponding to SMI,, SMI,,, SMI, and SMI,).

[0217] The non-directional estimation of the coupling is
quantified by the mutual information between the two time
series. Mutual Information is calculated using the traditional
formula:

=]y, 3, ot e 22

J

[0218] where x and y are all symbols present in signals X
andY respectively, p(x.y) is the joint probability of co-occur-
rence of symbol x in signal X and symboly in signal Y. Finally
p(x) and p(y) are the probabilities of those symbols in each

signal.
[0219] Global Algorithmic Complexity (GK)
[0220] Theinventors extended the K index in order to quan-

tify the complexity of the whole recording to each trial. To this
aim, the inventors applied the same procedure than for the
local K, but instead of compressing independently the signal
from each electrode, the inventors compressed the time series
from all electrodes simultaneously. In this way, the inventors
have one measure of Global algorithmic complexity (GK) per
trial. Because this measure may be confounded with the com-
plexity of the individual time series corresponding to each
electrode, the inventors also introduced a version (GKn) of
the measure normalized to the mean K of all electrodes for
that trial. Identically as for K, GK was estimated using two
types of compressors: gzip and bzip.

[0221] The data provided to the classifier corresponds to
the 94 EEG measures, topographically summarized as the
mean and the standard deviation across non-facial electrodes.
Similarly to topographical analyses, connectivity measures
were first averaged as the median value each electrode shared
with all other non-facial electrodes, and subsequently sum-
marized as the mean and standard deviation across these
non-facial averages. The data provided to the classifier thus
corresponded to a matrix X of n samples (EEG recordings) by
f features (=94 EEG measures*2 topographical summaries)
and a vector y of n samples corresponding to subjects’ states
of consciousness (1: VS, 2: MCS, 3: Conscious). Note that to
account for the small number of CS patients and Healthy
subjects, for this analysis the latter were regrouped in a single
category.

[0222] Multivariate Pattern Analyses Computation

[0223] The Support Vector Classifier (SVC) was repeatedly
cross-validated with stratified k-folding (k=10). Cross vali-
dation is a method aiming at testing the performance of a
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predictive model. It consists in repeatedly fitting this model
on a subset of the data (training set) and subsequently testing
it on the remaining data (test set). Stratified k-folding consists
in arranging the partitioning of the data so that training and
test sets keep constant proportion of each category samples.
Stratified folding thus aims to minimize fold-specific effects.
The classifier is fitted on the train set and subsequently
assigns, to each test sample, a continuous probability of
belonging to each class (VS, MCS, Conscious, seebelow). So
as to minimize folding effects, the predicted probabilities of
each sample were averaged across 100repetitions ofthe SVC,
each using pseudo-randomly partitioned stratified folding.
[0224] The inventors used a one-against-one discrimina-
tion SVC method (47), as MCS are likely more difficult to be
contrasted to the combination of CS and VS than to each
group separately. In practice, for each pair-wise comparison,
the SVC categorizes each sample into one of two considered
categories. Three comparisons were thus performed (VS/
MCS, MCS/CS, VS/CS). The SVC algorithm then estimate
the category in which each subject is most likely to belong.
[0225] For each comparison, the SVC aims at finding the
optimal linear combination of features (w) that separates the
training samples with distinct classes in the hyperspace of
features. As there are more features than samples (>>n),
there is an infinity of possible w. A penalization parameter is
thus used to find a solution which is likely to generalize to
another dataset, and hence avoid over-fitting. Here, the penal-
ization parameter C, was chosen by nested cross-validation
among the values=[0.001 0.01 0.1 0.2 0.5 1 2 10] using a
grid-search method (48). In other word, in each fold, the
classifier subdivided the training set to find the optimal C.
[0226] The SVC can provide a continuous probability by
fitting the distribution of the samples with regard to w (49). To
do so, a sigmoid function is fitted from the distributions of the
signed distances separating the train samples and w. This
sigmoid fitis then used to monotonically transform the signed
distance separating the test samples and w into a meaningful
probability (49).

[0227] Within each fold, the inventors applied two succes-
sive preprocessing steps fitted on the train samples and sub-
sequently applied to the test samples. Because SVCs are not
scale independent, the inventors first normalized each feature
(remove mean, divide by standard deviation). The inventors
then applied a 20% feature selection based on F-tests to
reduce the dimensionality f of the problem.

[0228] All MVPAs analyses were performed with the Sci-
kit-learn package (43).

[0229] Statistics
[0230] Univariate ROC
[0231] Pair-wise comparisons were performed across the

three clinical groups (VS, MCS and CS), leading, for each
measure, to three statistical comparisons (1:VS/MCS,
2:MCS/CS, 3:VS/CS). Several measures appeared clearly
non-Gaussian. The inventors thus implemented a non-para-
metric statistical method (Mann-U Whitney test) and report
the effect size as the Area under the curve (AUC) from an
empirical Receiver Operating Curve (ROC) analysis.

[0232] The ROC shows the false positive rates (FPR) as a
function of true positive rates (TPR). For example, in a com-
parison of the alpha power between CS and VS patients, one
can observed the percentage of CS patients (TPR) who show
a higher alpha power than an arbitrarily setup criterion C. By
computing the percentage of VS patients who show a higher
alpha power than C, the inventors can thus plot the TPR and
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the FPR at a fixed criterion. By testing all possible empirical
criterion (all patients’ values), the inventors can draw the
ROC curve, and compute the AUC. An AUC of 50% implies
that the TPR is on average equal to the FPR, which thus means
that no difference is observed across the two groups. Values
higher than 50% means that CS have on average higher alpha
power, and values lower than 50% implies that CS patients
have lower alpha power than VS patients.

[0233] Note that the estimates of statistical effect size are
intrinsically problematic in mass-univariate analyses, as one
tends to look at the effect size of significant tests only. How-
ever, the effect size itself is an estimate and subject to error.
The inventors decided to make all values available to the
reader, but stress that it is incorrect to peak the best measure
without leading to an overestimation of its effects size.
[0234] Each measure is intrinsically high dimensional, as it
was measure on each EEG electrode (n=256) or on each pair
of BEG electrodes (n1=32640). To sum up these large datasets,
the inventors thus summarized each measure in a single value.
[0235] ERPs measures were summarized as the mean value
observed in regions of interests traditionally used in the lit-
erature.

[0236] Connectivity measures computed for each pair of
EEG electrodes were summarized as follows:

[0237] for each non facial electrode, the inventors com-
puted the median value it shared with all other non-facial
electrode. The inventors then average these 224 values to
summarize the amount of shared information across thescalp.
[0238] All other measures were summarized by averaging
the 224 values non-facial electrodes.

[0239] To account for the large number of statistical tests
(n=94 measuresx3 comparisons), statistical significance was
systematically corrected for multiple comparison with a false
discovery rate method (FDR at alpha=0.05) across all mea-
sures and comparisons.

[0240] Topographical Analysis

[0241] Topographical analyses were performed using a
similar approach to the method above. Pair-wise comparisons
across clinical states were performed with Mann-U Whitney
tests on each electrode separately. Robust regression analyses
were performed across the four groups (VS:1, MCS:2, CS:3,
Healthy:4) to test for the monotony of the changes observed
across states of consciousness. Statistical significance are
reported after correction for multiple comparison across elec-
trodes (FDR at alpha=0.05).

[0242] Multivariate Pattern Analyses

[0243] Multivariate Pattern Analyses (MVPAs) have
proven to be an efficient neuroimaging tool to combine mul-
tiple sources of evidence within a single test (50). In the
present case, each analysis aimed at predicting the clinically-
defined state of consciousness (VS, MCS or conscious) of
each subject from the EEG-based measures of conscious
processing. For this purpose, the inventors used a Support
Vector Classifier (SVC) (48) with a probabilistic output cali-
bration.

EXAMPLE 2

Measurement of Consciousness Using SMI

[0244] The inventors have evaluated whether new math-
ematical indices of information sharing, derived from EEG
recordings, could determine whether awake but non-commu-
nicative patients are or are not conscious—a difficult clinical
question which leads many conscious but non-communicat-
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ing patients to be misclassified as vegetative (1, 3, 55). This
research capitalized on a large number of experimental stud-
ies in normal subjects (reviewed in (5)), which have identified
brain activity patterns that systematically distinguish trials in
which stimuli were reported as visible or as invisible. These
patterns include the presence of a late non-linear “ignition” of
brain-scale neural assemblies, with activation propagating
dorsally and anteriorily into a broad parietal and prefrontal
network, leading to increased bidirectional functional con-
nectivity, particularly over long cortical distances (27, 29-31,
57). Several theories of conscious processing share the
hypothesis that it is this massive bidirectional communication
between several distant cortical areas, making information
globally available, that the inventors experience as a con-
scious state (22, 23, 45, 57, 58-63).

[0245] The inventors therefore put this idea to a test by
computing measures of global information sharing and con-
trasting minimally different states of consciousness in
patients suffering from Disorders of Consciousness (DOC).
To quantify global information sharing, the inventors relied
on novel indices which are based on a robust transformation
of EEG signals into sequences of discrete symbols (25), fol-
lowed by a quantification of their shared and transferred (FIG.
1) information.

[0246] To provide a minimal contrast, the inventors
restricted ourselves to patients with preserved arousal abili-
ties (largely intact sleep-wake cycle), but who suffer from an
inability to communicate with their surrounding environ-
ment. Within this category, vegetative State (VS) patients
present no clinical signs of conscious behavior, whereas
Minimally Conscious State (MCS) patients demonstrate fluc-
tuating but consistent deliberate responses (64). The inven-
tors compiled an unusually large database of 181 EEG record-
ings with high spatial density (256 electrodes). The inventors
first tested whether MCS patients present systematically
more information sharing across cortical sites than VS
patients. The inventors also compared these results to those
obtained in conscious subjects, including 25 clinical record-
ings, to assess the monotony of the observed effects across
states of consciousness (see example 1). The inventors then
ran a series of control analyses to check for the potential
effects of etiologies and of the duration of the DOC, as well as
for a variety of EEG artifacts potentially confounding the
observed effect. Finally, the inventors probed whether VS
patients present impairments of bidirectional transfer of
information across cortical sites.

[0247] Symbolic Mutual Information Increases with Con-
scious State
[0248] The inventors have used Symbolic Mutual Informa-

tion (SMI) to evaluate the extent to which two EEG signals
present a nonrandom arrangement of their joint fluctuations,
suggesting that they participate in a joint state and share
partially similar information. This method presents two
advantages. First, it looks only for qualitative or “symbolic”
patterns of increase or decrease, rendering it more robust to
noise (25).

[0249] Second, the mutual information measure sets no a
priori on the type of interactions, making this approach
capable of detecting non-linear relations. SMI depends on
two parameters: the size (n=3) and the temporal spread (t) of
the symbols. The inventors computed SMI after current
source density (CSD) transformation of the EEG data, which
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increases the spatial focalization of the data over active
sources, and therefore reduces the possibility of common-
source artifacts.

[0250] When considering the median SMI across all chan-
nel pairs, analyses with T=32 ms revealed that VS patients
presented significantly lower mutual information across EEG
channels than MCS patients (p=0.0018), CS patients (p=0.
004) and healthy controls (p=0.01). These results thus sug-
gest that VS patients exhibit an overall impairment in infor-
mation sharing. A robust regression confirmed that median
SMI predicted the clinical group to which the subjects
belonged (1=VS, 2=MCS, 3=CS, 4=Healthy; p<0.001).
These effects were partly reproduced using a smaller tempo-
ral spread of the symbols (t=16 ms): VS<MCS (p=0.098),
VS<Healthy (p<0.0001), MCS<Healthy (p=0.002),
CS<Healthy (p=0.002)). Time constants capturing shorter
events (=4 ms and t=8 ms) did not reveal any significant
trends across consciousness states.

[0251] A Centro-Posterior Topography of Impairments
[0252] Topographies summarizing the amount of informa-
tion that each EEG channel shares with others suggest that an
information sharing deficit in DOC patients was present over
most scalp regions (pFDR<0.05 in more than 90% of the CSD
transforms of EEG channels). Frontal areas generally showed
significantly smaller differences across conscious states than
posterior regions (e.g. Fz<Pz, beta=0.003, p=0.023).

[0253] Further analyses focusing on each channel pair con-
firmed this overall effect. As it is difficult to interpret the very
large number of pairs of CSD estimates (256x(256-1)/2=32
640 pairs), the inventors reduced the data to 16 clusters com-
posed of ~16 CSD estimates each. The results, confirmed that
VS patients exhibited an overall reduction of information
sharing from and to posterior areas: 56% of the 120 cluster
pairs showed significantly smaller SMI in VS than in MCS
and than in CS patients (at p<0.05; 47% at pFDR<0.05).
[0254] Symbolic Mutual Information Indexes Conscious-
ness Regardless of Etiology or Acuteness.

[0255] The inventors examined whether the change in SMI
could be explained by the patients* differing etiologies or by
the acuteness of their impairment. An ANOVA across
patients, states of consciousness (VS, MCS, CS) and etiolo-
gies (anoxia, stroke, traumatic brain injury (TBI) and other)
showed that SMI was affected by patients* state (F(2,125)=4.
54, p=0.012) but not by their etiology (F(3,125)=0.62, p=0.
605). The difference in SMI between VS and non-V'S patients
was observedin stroke (p=0.013) and TBI patients (p=0.009).
Although in the same direction, this effect did not reach
significance in the two remaining groups.

[0256] Similarly, after categorizing each patient in one of
the three types of delay separating their accident from the
time of EEG recording (acute, intermediate and chronic), the
inventors found a main effect of consciousness state (F(2,
136)=3.62, p=0.02) but no effect of delay (F(2,136)=0.98,
p=0.378). The effect of state of consciousness on functional
connectivity was observed in acute patients (p=0.042) and in
inteiniediate patients (p=0.002) but it did not reach signifi-
cance in the chronic category (p=0.286), although it was
again in the same direction.

[0257] Finally, testing for interaction effects between
states, delays and etiology revealed no significant two or
three-way interaction effect (all p>0.434). Overall, these
results indicate that SMI is sensitive to states of conscious-
ness independently of the etiology and the acuteness of the
disorder.
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[0258] TLong-Distance Functional Correlations Index Con-
sciousness

[0259] EEG is notorious for its low spatial resolution,
mainly due to volume conduction of electric currents through
the head tissues. Although the inventors applied a Current
Source Density (Laplacian) transform to reduce these arti-
facts, the connectivity analyses may still be partly con-
founded by common source artifacts. The inventors con-
fronted this issue with two types of analyses. Firstly by
restricting SMI analysis to pairs of channels spread apart by
more than 10 cm. The results still demonstrated a signifi-
cantly smaller SMI in VS patients relative to MCS and CS
patients (pFDR<0.05). The SMI difference between patient
groups was largely independent of spatial distance, suggest-
ing that it reflected a global brain-scale change in information
sharing.

[0260] Second, the inventors computed the Phase Lag
Index (PLI), another measure of functional correlation which
minimizes common-source artifacts by discarding zero-
phase correlations. For nearby pairs of EEG recording sites
(distances<5 cm), PLI quickly dropped towards zero, con-
firming that this analysis helped minimize common source
artifacts. However, for larger distances, PLI again varied
across patient groups. On average, the VS patients* medium
(>10 cm) and long-distance (>15 cm) PLI were significantly
lower than MCS and CS patients* (medium: p<0.05, long:
p<0.001) for frequencies between 4 and 8 Hz. Higher fre-
quencies did not showed systematic effects. Importantly, low
(<4 Hz) frequencies presented stronger PLI in VS thanin CS
patients (p<0.01), confirming that unconsciousness is associ-
ated with enhanced synchrony in the low-frequency range, as
observed during anesthesia and sleep (64, 44).

[0261] Insummary, both distance and PLI analyses suggest
that the overall reduction in functional connectivity observed
in VS patients likely reflects a genuine change in long-dis-
tance functional connectivity.

[0262] Information Sharing Deficits are Replicated After
Auditory Stimulation

[0263] Theabove analyses were performed on time periods
during which patients were repeatedly stimulated with
4-sound sequences (see Methods). The inventors also repli-
cated these analyses on an independent time interval follow-
ing these auditory stimulations. The results were similar to
the one described above.

[0264] Directional Measures Show a Bidirectional Deficit
of Information Transfer Across Anterior and Posterior
Regions

[0265] SMI and PLI are non-directional measures of infor-
mation sharing across two sites. The inventors also imple-
mented a Symbolic Transfer Entropy measure (STE) (see
FIG. 1) in order to estimate the directionality of the flow of
information. Like Granger causality analysis, STE can quan-
tify the information transfer from A to B, from B to A, or both.
[0266] STE results, summarized in FIGS. 2, 3 and 4, sug-
gest that the amount of bidirectional information transfer
from and to clusters surrounding postero-central electrode Pz
is associated with the subjects” state of consciousness
(Prpr<0.01). Note however that pair-wise comparisons
between groups of patients were significant but did not resist
FDR correction for multiple comparisons (centroposterior to
centro-anterior regions: VS-MCS, p>0.05, VS-CS: p<0.03,
Prpg0.03).

[0267] For any electrode pair, the inventors also estimated
ASTE which captures the imbalance of information transfer
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between two signals and which provides a robust measure
directly interpretable in terms of netinformation flow. Results
are displayed in FIG. 2. ASTE was positive from centropos-
terior areas to frontal regions, and the degree of imbalance
was associated with consciousness (ppp<0.01). In other
words, patients who showed more evidence of consciousness
showed a larger directional transfer of information from pos-
terior regions to frontal areas. Although similar trends were
observed amongst multiple clusters of EEG channels, includ-
ing Fz to Cz, Oz to Cz and Oz to Fz connections, pair-wise
comparisons between VS and other clinical states revealed
only modestly significant differences in the balance of pos-
tero-anterior information transfer (p<<0.01, but P, .>0.05).
[0268] The inventors reasoned, however, that the CSD
transform could have increased the noise level in recordings
because it involves the computation of a spatial derivative
over nearby EEG signals. The CSD transform is not strictly
necessary forthe STE measure, because the STE computation
includes a subtraction of within-sensor mutual information
and therefore STE, unlike SMI, is essentially immune to
common-source artifacts (STE would be zero if two sensors
picked acommon source). Thus, the inventors replicated their
STE analyses without the CSD transform. All of the above
trends were replicated and reinforced, and suggested that
bidirectional infoimation exchanges, particularly over the
centroposterior region, index the state of consciousness (see
FIGS. 3.5 and 4.b).

[0269] Discussion

[0270] Several theoretical models of consciousness predict
that global brain-scale information sharing should provide a
consistent signature of conscious processing [22, 56, 66, 67,
68]. In agreement with this prediction, the inventors have
shown that infoimation sharing across cortical areas, esti-
mated with an original analysis of a large number of EEG
recordings (FIG. 5), increases as a function of state of con-
sciousness and separates vegetative state (VS) from mini-
mally conscious states (MCS), conscious state (CS) and
healthy (H) subjects. Topographical and cluster mapping
results showed that the increase was particularly prominent
across centro-posterior areas. Traditional spectral-based
measures replicated this result in the theta band, including in
different auditory stimulations conditions. Finally, CSD
transform of the EEG recordings, distance analyses and PLI
estimates consistently suggested that the present results truly
reflect changes in long-distance functional connectivity and
are not due to a single common source being picked up by
distinct EEG channels.

[0271] The observed changes in long-distance functional
connectivity fit with the idea that consciousness may be
affected by many distinct anatomical lesions to the cortex and
its white matter, thalamic nuclei, or brain stem nuclei (69). In
particular, several studies have underlined the prominent role
of diffuse white matter lesions in persistent vegetative state
(70-79). These anatomical lesions may lead to functional
deficits in thalamo-cortical (80-82) as well as cortico-cortical
communication (17, 83-88) and to abnormal default mode
network activity in VS patients (20, 74, 85, 88-82).

[0272] The present results also fit with recent EEG studies.
Fingelkurts and collaborators have provided a series of origi-
nal analyses differentiating groups of patients based on their
resting state EEG (93, 94, 95). They show that the “opera-
tional synchrony” is higher in MCS patients than in VS
patients suggesting an correlation between information shar-
ing and consciousness state. Similarly, Lehembre et al (35)
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observed a higher functional connectivity across frontal and
posterior electrodes in MCS than in VS patients. Compared to
these findings, this study presents several important advan-
tages. The inventors analyzed a much larger patient cohort,
with high-density recordings that allow the estimation of
distance and directionality of information exchanges. The
inventors also rely on a robust estimate with a demonstrable
insensitivity to etiology and to common-source artifacts.

[0273] Topographically, these results show that the largest
differences in information sharing were over the centro-pos-
terior region. Although this effect may appear at odds with the
preponderant role of the prefrontal cortex in conscious pro-
cessing (5, 21, 96), it fits with the recent identification of
posterior cingulate and precuneus as essential hubs of a major
long-distance cortical network (5, 87, 97, 98) and the corre-
lation of the activity of mesio-parietal regions with the state of
consciousness (99, 100). In particular, numerous studies have
highlighted a frequent hypoactivation of the precuneus and
the posterior cingulate in VS patients (2, 100). These areas are
also involved in the default mode network, whose regions
have been repeatedly associated with self-referential con-
scious projective activities in the domains of time (episodic
memory of past and future), space (spatial navigation mental
imagery), and social interactions (theory of mind) (see
reviews in (102-104). It is possible that impairments are more
easily detectable in these regions because of their elevated
baseline activity and metabolism in normal conscious sub-
jects, and that conscious processing is also supported by other
areas such as the prefrontal cortex. Further analyses, either
using intracranial recordings or source reconstruction, should
help to narrow down the location of the network of areas
underlying consciousness. Directional connectivity analyses,
estimated with Symbolic Transfer Entropy (STE), suggest
that bidirectional information flow, both from and to centro-
posterior areas, indexes consciousness. The balance of infor-
mation transfer (ASTE), a measure which is more robust to
noise artifacts, presented similar effects, but also emphasized
the forward transmission of information (from central
towards more anterior prefrontal regions) as a major correlate
of consciousness. These results complement a series of simi-
lar observations reported in conscious subjects as well as in
patients presenting partial or complete loss of consciousness
because of epilepsy or other brain lesions or anesthesia. They
fit with the idea that conscious processing arises from bidi-
rectional (bottom-up and top-down) information sharing by
enabling information encoded in posterior cortical processors
to gain access to, and be amplified by, higher association
cortices (5). Still, two methodological reasons suggest that
this aspect of the results should be considered with caution.
First, the present analyses were perfoimed with CSD trans-
formed EEG recordings, which only provide coarse informa-
tion about the localization of the underlying sources. Com-
puting SMI after cortical source modeling is an interesting
avenue for further research, but would be computationally
complicated given the very large number of time points and
cortical sources. Furthermore, it is unlikely to be spatially
accurate given the patients* lesions.

[0274] Second, imaging studies are necessarily limited in
their ability to estimate causal relationships. Further work
using intracranial recordings and electric or magnetic stimu-
lations will thus be required to determine whether bottom-up
and/or top-down information flow is necessary for conscious-
ness.
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[0275] Nevertheless, the inventors may note that the unique
intracranial recording study that compared functional con-
nectivity for visible versus invisible images supports the
present conclusions of increasing long distance synchrony,
bidirectional flow, and enhanced forward propagation during
conscious processing.

[0276] The present results are based on an unusually large
dataset of 181 high-density EEG recordings from 126 distinct
subjects in different states of consciousness. This large size
allows the inventors to demonstrate the reliability of these
indices across patients suffering from various etiologies and
across distinct durations of the disorder of consciousness.
Previous studies have typically used much smaller numbers
of subjects with a very broad range of etiologies and deficit
durations (see FIG. 5 for a formal comparison) and therefore
were unable to explicitly test the reproductibility of their
measures. While Boly et al. (33) argue that the finding of a
significant effect in a small number of heterogeneous patients
guarantees a robust effect, the inventors disagree (34) and find
it preferable to replicate in separate subgroups. In the present
case, the inventors present evidence that the cause (traumatic
brain injury, stroke, and anoxia) and the acuteness of disor-
ders of consciousness cannot explain the difference of global
information sharing from MCS to VS.

[0277] The present study could be criticized for pooling
over a group of VS patients with presumed loss of conscious-
ness, while recent results with fMRI suggest that some of
them may actually show preserved consciousness and inten-
tionality undetectable by classical clinical examinations. Cur-
rent estimates suggest that this category of patient is rare,
however, attaining at most 15-20% (7) and thus minimally
affecting the conclusions derived from this study. If anything,
the comparisons were made more conservative if the inven-
tors accidentally included a few conscious patients in the VS
category. The inventors agree that, in the future, it will be
crucially important to apply the present SMI and STE mea-
sures to individual cases of VS patients, in order to detect
non-communicating patients with preserved consciousness.
Indeed, based on current and other EEG measures, the inven-
tors have developed an automatic computerized classification
system (example 3). While overall successful in classifying
VS and MCS patients, this algorithm does place a few patients
clinically diagnosed as VS into the MCS category—and these
patients do appear to recover earlier and shift to the clinical
MCS category.

[0278] Taken together, these results support theories that
associate consciousness either with a reverberation of neu-
ronal activity in posterior networks (68), or with a highly
distributed brainscale system of areas forming a global work-
space or “dynamic core”. While future studies will evaluate
markers assessing specifically the integration of information
exchanged across brain regions, the present measures may
already usefully supplement the panoply of behavioral and
neuroimaging tools available to diagnose disorders of con-
sciousness. Relative to other proposed markers of conscious-
ness in DOC patients, the present approach, based on a dis-
crete symbolic labeling of ongoing EEG patterns, presents
several advantages. First, it relies on an easily recorded
parameter (EEG), available in all clinics, rather the complex
and costly setting of functional MRI. Second, it indexes spon-
taneous EEG and can therefore be computed in the absence of
any task instruction (although the present analyses were con-
ducted on recordings obtained during an auditory test). Other
tests currently require the patient to understand and maintain,
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for several minutes, a complex instruction such as imagining
playing tennis, retrieving the response to a spoken question,
or counting deviant sounds. These tests are therefore asym-
metrical: when positive, they are highly indicative of pre-
served consciousness, but they may also fail to detect residual
consciousness if the patient also suffers from hearing, linguis-
tic, attentional or working memory deficits. For instance, in
(7), 28 out 0f 33 MCS patients, who therefore gave consistent
behavioral signs of consciousness upon clinical examination,
showed no signs of communication via imagined tennis play-
ing or spatial navigation. Fluctuations in consciousness may
explain this finding. This factor may also affect this study, and
stresses the importance of obtaining several recordings in
order to increase the sensitivity of the measure and the con-
fidence in its absence in individual VS or MCS patients.
[0279] Future research will investigate whether the present
technique, which quantifies any form of residual brain-scale
communication, proves more sensitive than other tests. As a
first step in this direction, in example 3 itis shown that, for the
systematic discrimination of VS and MCS patients, the
present MSI measure is much more sensitive than the record-
ing of event-related potentials during the local-global test
(18). Ultimately, a combination of such techniques, each
capitalizing on a distinct signature of consciousness, is likely
to prove most useful in the clinic.

EXAMPLE 3

Combination of Approaches to Increase Acuity of
Consciousness Detection Methods

[0280] Introduction

[0281] The multiplicity of theoretical proposals and the
practical need to improve diagnosis in DOC patients call for
a systematic test of the capacity of candidate measures to
index states of consciousness. The inventors provide an
extensive analysis of empirically and theoretically derived
measures of conscious activity that can be extracted from a
large database of EEG recordings in DOC patients. The
inventors show that local low-frequency power and complex-
ity measures, together with long-range information
exchange, are privileged markers of conscious states. These
measures and their respective fluctuations are sufficiently
robust to support an automatic classification system capable
of predicting the clinical outcome of individual VS patients.
[0282] Below is presented a brief description of each mea-
sure used in this example.

[0283] Event Related Potentials

[0284] The auditory paradigm was designed to elicit both
early and late event-related potentials, in order to test the
theoretical proposal that early components correspond to
unconscious stages of processing, whereas late components
would be associated with conscious access (21, 107). In addi-
tion to early auditory P1 and N1 potentials, this paradigm
elicited several early and late responses related to the detec-
tion or the expectation of an auditory novelty: the contingent
negative variation (CNV), the mismatch negativity (MMN)
and the P3b components.

[0285] The CNV is a slow negative drift ranging from the
first to the last sound of each trial, measured by its slope over
the frontal electrodes. This component has been reported to
be relevant in distinguishing conscious and non-conscious
patients using this paradigm (108-20). The MMN is elicited
by a change in pitch in the last of the five tones (XXXXX
versus XXXXY). This component has been repeatedly
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reported under non-conscious conditions, although its ampli-
tude can be modulated by subjects’ attention and conscious
state (attention modulation (18), in sleep (42) and in DOC
patients (18, 37, 38, 39, 43, 110, 111). Following the Local
Global paradigm, the late P3b component was isolated by
contrasting frequent and expected auditory sequences to rare
and thus unexpected auditory sequences. For instance, in a
given block, subjects were repeatedly presented to AAAAB
trials. On rare occasions (20%), an AAAAA sequence was
presented. In another block, subjects were frequently pre-
sented to AAAAA, and rarely to AAAAB. Contrasting rare
and frequent trials is thus orthogonal to the local change in
pitch within a given sequence. The P300b response is thought
to be present only when subjects are attentive and aware of the
violations (10, 20, 36).

[0286] Ongoing Activity

[0287] Therest of the measures were derived from ongoing
EEG activity, acquired during the early stimulation window.
Although neutral auditory stimuli were presented during
these time periods, it is possible to quantify ongoing EEG
activity because the latter dominates over evoked responses
by approximately one order of magnitude. Moreover, audi-
tory stimulations limit drowsiness by repeatedly calling
patients’ attention, and could thus help better differentiating
MCS from VS patients. Ongoing EEG measures were orga-
nized according to two dimensions: whether they capture
local dynamics or connectivity; and whether their theoretical
background lies in a spectral decomposition of the EEG sig-
nal, or in information theory.

[0288] Measures of EEG Spectrum

[0289] Local dynamics refer to measures computed within
a given EEG electrode or Current Source Density (CSD)
estimate. At this level, spectral measures are traditionally
applied to quantify EEG rhythms or broadband frequency
patterns, many of which have been proposed to distinguish
conscious states in anesthesia, sleep and DOC patients. A
classical finding is that unconscious subjects, compared to
conscious ones, exhibit a reduction in power in the alpha band
(8-13 Hz) and an increase in low frequencies such as the delta
band (1-4 Hz). In the inventors dataset they estimated power
in five frequency bands (delta to low gamma). Frequency
analyses were completed with spectrum summary measures
that summarize distribution of power over various frequen-
cies using a single value, for instance its median or its spectral
entropy (SE, characterizing the complexity of the spectrum).
These measures of spectrum summaries have been previously
used to characterize the EEG recordings of DOC patients and
subjects under anesthesia.

[0290] Measures of Complexity

[0291] Novel techniques from the fields of dynamical sys-
tems and information theory also provide insights into normal
and perturbed neural mechanisms (48). These measures may
prove more appropriate to detect and characterize changes in
the EEG that are not unveil using traditional spectral fre-
quency content methods (112).

[0292] The inventors included a representative set of infoli
tation theory measures of local dynamics. In particular, per-
mutation entropy (PE) is an increasingly used method to
detect dynamical changes in a time series (113) which is
known for its high resistance to low signal to noise ratios
compared to other similar methods (25). PE has been suc-
cessfully applied to detect, with EEG, loss of consciousness
under anesthesia (44, 114). As described in details below, PE
estimate the entropy of a signal transformed into a sequence
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of discrete “symbols”. These symbols are generated from the
qualitative (i.e. ranking) up and downs of the signal.

[0293] Theinventors introduce an original method to quan-
tify the complexity of EEG signals based on the application of
the Kolmogorov-Chaitin complexity (K). This measure quan-
tifies the algorithmic complexity (115, 116) of a single sen-
sor’s EEG by measuring his degree of redundancy. Algorith-
mic complexity of a given string (in this case an EEG
sequence) can be described as the length of shortest computer
that can generate it. A short program corresponds to a less
complex sequence. The inventors estimated K by quantifying
the compression size of the EEG using variants of the Lem-
pel-Ziv zip algorithm (117). This measure has been previ-
ously applied to detect changes in the cortical activity in
anesthetized animals (118).

[0294] Measures of Information Sharing

[0295] Connectivity, in the sense of information sharing
across distant cortical areas, has been proposed as a key
element of several theories of consciousness. Recent
advances in theoretical neuroscience have shown that long-
distance communication could be established by a frequency-
specific synchronization of across different brain areas (119).
Intracranial recordings and M/EEG comparing neural pro-
cessing elicited by subliminal and visible images revealed an
increase an association between conscious perception and
long-range synchrony in the beta and gamma bands. More-
over, recent EEG studies suggest that VS patients present
lower functional connectivity than MCS and CS patients. In
the present study, the inventors have evaluated synchrony
with two traditional spectral methods: phase locking value
(PLV) and phase lag index (PLI).

[0296] However, such spectral methods cannot capture
information integration based on non-oscillatory mecha-
nisms. In his Information Integration Theory, Tononi (45) has
proposed a framework to quantify such exchanges with a
simple mathematical formula. However, this so-called “Phi”
measure remains so far difficult to apply to large-scale EEG
data. To handle this issue, the inventors introduce two original
method of information sharing: symbolic mutual information
(SMI) and global Kolmogorov-Chaitin (GK). SMI can
robustly quantify non-oscillatory functional connectivity by
transforming the EEG signals into symbolic sequences. GK
evaluates the algorithmic complexity of the pooled EEG sig-
nals for all electrodes, and thus reflects how much informa-
tion is shared across them.

[0297] For all measures, the inventors introduced a final
distinction between their average value and their fluctuation
across time (in this case indexed across trials). This method
proved to extract independent information from the BOLD
signalinan fMRI experiment (120). Thus, the inventors stud-
ied both the mean (u) and standard deviation (o) of each
measure across trials. While the mean across trials is the
traditional operation used to quantify an EEG measure, mea-
suring its variability over the 20 minutes of recording might
be meaningful to distinguish between patient groups.

[0298] Results

[0299] The inventors analyzed a large set of 181 high-
density EEG recordings from 167 patients (75 VS, 68 MCS,
24 CS) and 14 controls (see example 1 for details), acquired
in a twenty-minute paradigm designed to probe the depth of
processing of auditory regularities (118) (FIG. 6q). This pro-
cedure allowed us to jointly quantify the event-related poten-
tials (ERPs) evoked by exogenous stimuli and the presence of
endogenous fluctuations in the EEG, while maximizing and
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normalizing the patients’ attention and vigilance. From each
recording, the inventors systematically extracted a represen-
tative set of candidate measures organized according to a
theory-driven taxonomy (FIG. 65). Full details and motiva-
tions for each measure can be found in example 1 above and
hereafter.

[0300] A firstdistinction separates measures of the process-
ing of external stimuli (auditory ERPs) from measures
reflecting ongoing aspects of the EEG. Given that theories
differ in their attribution of conscious awareness to early or
late ERPs (5), these are further classified according to their
latency (early, <250 ms, versus late, >300 ms) and whether
they are locked to local or global regularity aspects of the
sequence of tones (18). Measures of ongoing EEG activity are
further classified based on two criteria: 1) dynamics of a
single-electrode versus connectivity measures across elec-
trodes; and 2) whether the measure is based on spectral fre-
quency content or on information-theoretic estimates of
sequence complexity which do not presume any specific
hypothesis about the signal. Finally, all of these measures are
estimated on a trial-by-trial basis, leading to two measures:
the inter-trial average, which reflects the overall value across
the test and the fluctuation of this measure (standard devia-
tion), during the recording period, which tests the hypothesis
that stability may be a hallmark of consciousness (121).
[0301] EEG Differences Between Groups of DOC Patients
[0302] To reduce dimensionality and to quantify the dis-
criminative power of each measure, the inventors first sum-
marized spatial information by considering the average over
predefined electrodes regions of interest. This procedure
vielded a total of 94 measures per subject.

[0303] The first objective was to investigate which mea-
sures showed significant differences across groups of DOC
patients. To this aim, the inventors implemented receiver
operator curves (ROC) and quantified classification perfor-
mance from the area under curve (AUC) (FIG. 7). See
example 1 for details on how this analysis is corrected for
multiple comparisons). An AUC of 50% corresponds to
chance classification. AUC values larger than 50% imply that
the given measure increases for the higher conscious state
(i.e. MCS>VS). The converse also applies for AUC<50% (i.e.
MCS<VS).

[0304] Average Measures Across Time

[0305] Only two out of seven computed ERP components
significantly discriminated VS from CS patients (FIG. 7) and
none of them could significantly discriminate the crucial VS-
MCS comparison. The MMN and the P300, two ERPs which
signal the detection of violations of the auditory regularities
in the stimulation showed only a very modest variation across
the different groups. Although MMN discriminated VS from
CS and MCS from CS (respectively, AUC=70.4%, p FDR<O0.
01 and AUC=66.4%, p FDR<0.05), confirming that it
increases when consciousness recovers (34), it did not dis-
criminate VS from MCS, consistent with the fact that mis-
match detection remains present in the absence of conscious-
ness, even in coma patients (35). In contrast with the ERP
components, almost all of the measures extracted from power
in spectral bands had good discrimination capacity (F1G. 7).
All measures showed monotonous effects from VS to CS
patients groups, and six out of ten of them succeeded in
discriminating VS from MCS. Within the lower frequencies,
delta showed decreasing power (from VS to CS) separating
VS from MCS (AUC=32.0%, p-,z<0.01) and a fortiori from
CS patients (AUC=18.9%, pzpzr<0.001). On the contrary,
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alpha and theta powers increased from VS to CS. Alpha power
was the most discriminative spectral measure, separating VS
from MCS (AUC=71.3%, pzpx<0.001), and a fortiori from
CS patients (AUC=84.3%, p,,,,<0.0001). Because of these
opposing variations of low (delta) and higher (alpha and
above) frequencies, spectral summaries such as the median
spectral frequency (MSF), indexing the relative distribution
of power in the spectrum, were particularly efficient. MSF
proved to be the most efficient measure of this class distin-
guishing VS from the two other groups (MCS>VS, AUC=63.
3%, Prpr<0.05. CS>VS, AUC=76.2%, pppz<0.001).
Finally, the structure of the spectral distributions estimated
with spectral entropy (SE) was also very informative. This
measure showed that CS and MCS patients presented less
predictable spectral structure (higher entropy) than VS
patients (MCS>VS, AUC=63.9%, pppr<0.0l. CS>VS,
AUC=79.4%, prpr<0.001).

[0306] Algorithmic (or Kolmogorov-Chaitin) complexity
(K) estimates the complexity of a sequence based on its
compressibility. Several theories predict that the complexity
of information integration (122) or distributed processing (5)
is elevated during conscious states. In agreement with this
prediction, the inventors found that measured of complexity
based on EEG compression discriminated VS from MCS
(K,,: MCS>VS, AUC=71.2%, prpg<0.001), as complexity
increased in patients with better clinical consciousness states.
A complementary mathematical approach is permutation
entropy (PE) which evaluates the regularity of the probabi-
listic distributions of patterns in the signal (25). The inventors
found that PE-based measures were particularly efficient in
the theta frequency range, discriminating VS from the other
groups (PEg: MCS>VS, AUC=71.9%, pzpr<0.001, CS>VS,
AUC=83.1%, prpz<0.0001). Again, a greater PE, indicating
amore complex and unpredictable distribution, indexed con-
sciousness.

[0307] Similarly to the spectral measures at a single record-
ing site, measures of functional connectivity between two
recording sites proved particularly efficient in the lower-fre-
quency domain. Amongst the spectral connectivity measures,
only the phase-locking value (PLV) and phase-locking index
(PLI) in the delta band were weakly significant, loss of con-
sciousness being indexed by greater delta synchrony. Con-
nectivity measures based on information theory, such as sym-
bolic mutual information (SMI), demonstrated a higher
sensitivity, as the information exchanges increased from VS
to CS. VS patients presented significant lower SMI than both
MCS (SMlg: AUC=64.3%, pgpr<0.01) and CS patients
(SMI,: AUC=68.7%, prpr<0.05), consistent with the theo-
retical notion that loss of consciousness in VS reflects
impaired information exchanges across brain areas. In
example 2, the inventors replicated these results on detailed
analysis of the connectivity patterns across groups.

[0308] Fluctuation of Measures Across Time Convey Inde-
pendent Information

[0309] Stability in evoked activity has been proposed as a
marker of consciousness (121). Extrapolating this idea, the
inventors hypothesized that the variability in time of a given
measure, as opposed to its average value, might add indepen-
dent information about consciousness. Indeed, fluctuations in
ERPs proved very informative to discriminate patients
groups, in sharp contrast with the poor discrimination
achieved with their averaged values. Five out of eight ERPs
components showed decreasing fluctuations as conscious
state increased. Fluctuations in spectral, information-based
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and connectivity measures also efficiently discriminated
between groups (FIG. 7). Interestingly, the inventors did not
observe a strong covariance between the classifying power of
a given measure based on its average and its fluctuations. For
instance, average Kolmogorov complexity increased with
increasing levels of consciousness, while its fluctuations
decreased. This finding indicates that a stream of conscious-
ness is associated with a complex and stable EEG pattern.
[0310] FIG. 8 provides a graphical comparison of discrimi-
nation power based on the mean or the fluctuation of each
measure for the MCS/VS contrast. This analysis summarizes
different types of measures. Some simply fail to separate
these two groups. Others, show an increase in both the aver-
age and the fluctuation over time for MCS compared to VS
(this is the case for power in the theta, alpha and beta pwers,
MSF and SMIy). Yet other measures show a dissociation of
average and fluctuation. In particular, the state of conscious-
ness is associated with a high average but a low fluctuation of
K, PEg and PEq, indicating that a stable and lasting increase
in complexity and entropy reflects a conscious patient. Con-
versely, conscious states are associated with a low average
and high fluctuation of power and PLI in the delta band: bouts
of delta-dominated EEG may occur in the normal conscious
brain, but stable and intense delta waves are a sign of non-
consciousness. Finally, the remaining measures were dis-
criminative only for averages (i.e., SE) or for fluctuations
(i.e., PLIin beta and alpha bands) across time.

[0311] The latter finding suggests that consciousness
implies a constantly fluctuating stream of transiently phase-
locked brain states.

[0312] Topographical Variability Across Measures and
Groups
[0313] While the above analysis considered measures col-

lapsed across electrodes or electrode pairs, the inventors then
investigated whether specific scalp topographies provide
information that discriminates between groups. The inventors
performed this analysis because: 1) it informs us about the
spatial distribution of these measures, 2) it can demonstrate
non-redundancy across measures and 3) it may highlight
optimal recording regions for clinical practice. FIG. 9 pre-
sents topographies for a selection of measures (for a full
description, see FIG. 12). Visual inspection revealed three
salient aspects: (1) for all measures that effectively discrimi-
nated between groups in the previous section, a majority of
electrodes showed efficient discrimination power; (2)
Regression analyses across the four groups indicated
monotony of the changes across states of consciousness (3)
topographies differed widely across groups (for a given mea-
sure) and across measures (for a given group comparison).
For example, while measures based on delta power showed
group differences primarily over medial and frontal elec-
trodes, measures based on mutual information and complex-
ity differed on posterior electrodes (FIG. 9).

[0314] Such distinct topographies suggest that no single
localized source conveys all the infoiination used to discrimi-
nate between conscious and unconscious patients.

[0315] Combining Measures Improves Discrimination
[0316] The inventors next examined whether these EEG
measures could be combined to improve discrimination of the
state of consciousness of each individual patients. One goal
was to determine whether combined measures, acting in con-
cert, combine synergically to improve discrimination
between groups or whether, instead, measures are highly
redundant and, as a consequence, the best measure provides
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information comparable to the entire set. To this aim the
inventors used as classification method a support vector
machine (SVM) (48). The SVM was repeatedly fitted and
evaluated on independent datasets using stratified nested
cross validations. As output, this classifier quantifies the
probability of each recording to belong to one group (VS,
MCS or CS) for the given combination of measures. The
average of the probability of being correctly classified was
significantly increased from 45.3% to 50.2% (p<10~°, see
FIG. 13) when compared the case of use of a single measure
versus the use of the whole set. In other words, the combina-
tion of measures led to a better discrimination of patients’
states of consciousness than the unique best measure identi-
fied along the cross-validation.

[0317] The inventors repeated this comparison but, in this
case, focusing on the variation of the discrimination power on
the 2x2 comparisons. Results showed that the comparisons,
using the best single measure, reached AUC=70.2% for VS-
MCS, AUC=76.4% for MCS-CS and AUC=88.8% for VS-
CS. On the other hand, when computed using the whole set of
measures, AUCs were significantly higher than the best single
measure: VS-MCS: 73.3% (p<0.01), MCS-CS: 77.5% (p<0.
01), VS-CS: 90.5% (p<10~%).
[0318] Automatic Classification
Recovery Prediction

[0319] Automatic classification achieved above-chance
levels of accuracy to identify the state of each individual
patient. Identification rates were high compared to chance
performance (33%): 65% of VS-diagnosed patients, 62% of
MCS-diagnosed patients and 53% of CS-diagnosed subjects
were classified in their respective categories purely from their
brain activity (FIG. 10). Moreover, examination of the dis-
crepancies between the EEG-based classification and clinical
diagnosis (FIG. 10) revealed that the majority belonged to
adjacent categories: misclassified CS subjects were mostly
classified as MCS (42%) and misclassified VS patients were
majorly classified as MCS (32%).

[0320] Disagreement between the automatic classification
and the clinical label may represent an error of the classifier,
but also, potentially, the presence of EEG-based information
not accessible to the clinician. To investigate whether the
information derived from neurophysiological activity may
improve the diagnosis of consciousness’ state, the inventors
tested whether VS patients classified as MCS or CS would be
later show signs of intentional behavior that may have been
missed at the time of the recording. Most patients clinically
diagnosed as VS and classified as VS from their EEG activity
showed no signs of regaining consciousness in the two
months following EEG recording. By contrast, the proportion
of clinically diagnosed VS patients who later showed signs of
consciousness was significantly (p=0.01) increased to 48%
for the set of patients who were classified as CS or MCS based
on their EEG activity. It should be emphasized that the mere
clinical assessment at the time of the recording, based on the
sum of the Coma Recovery Scale-Revised (CRS-R) scale or
each sub-scores, neither predicted the VS patients’ recovery
nor the automatic classification category (see below for com-
parisons according to CRS-R subscores). Hence, within a
behaviorally indistinguishable group of clinical VS patients,
neurophysiological measures proved to provide substantial
information about future improvement of consciousness.
These results also strengthen the possibility of detecting con-
scious activity independently of overt behavior evidence.
[0321] Automatic Classification and Recovery vs. CRS-R
[0322] To assess whether the recovery of the patients from
the VS state could be predicted from the the Coma Recovery
Scale Revised (CRS-R) scores at the moment of clinical
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evaluation of consciousness the inventors compared the
CRS-R between the clinical VS patients that did recover vs.
the VS patients that didn’t recover. None of the CRS-R sub-
scores or the full sum distinguished between the two groups
(Mann-U Whitney, p>0.08 for CRS1, p>0.22 for CRS2, p>0.
44 for CRS3, p>0.63 for CRS4, N.A.1 for CRSS5, p>0.31 for
CRS6 and p>0.41 for sum of CRS-R subscores).

[0323] The inventors repeated the analysis but this time the
inventors compared the CRS-R scores of clinical VS patients
classified as VS by the SVM classifier to the CRS of patients
classified as MCS by the classifier. Again, none of the CRS-R
subscores could differentiate between these two groups.
(Mann-U Whitney, p>0.08 for CRS1, p>0.41 for CRS2, p>0.
65 for CRS3, p>0.71 for CRS4, N.A.1 for CRSS, p>0.22 for
CRS6 and p>0.33 for sum of CRS-R subscores).

[0324] Discussion

[0325] The inventors systematically evaluated potential
signatures of consciousness in a large dataset of high-density
bedside EEG recordings of patients suffering or recovering
from disorders of consciousness. Many candidate measures
could discriminate between VS and CS, probably indexing
consciousness directly but also indirectly through its conse-
quences on arousal, instruction understanding, active main-
tenance of stimuli and instructions in working memory, task
monitoring, etc. Crucially, only a few of these measures were
effective to discriminate the minimal contrast comparing VS
and MCS patients. The inventors focus the discussion on the
subset of measures which appeared to be most relevant to the
objective identification of conscious processing from the pat-
terns of EEG activity.

[0326] Spectral Measures Specific to Conscious State
[0327] Spectral power analysis revealed that alpha and
theta powers were significantly lower in VS than in MCS
patients, whereas delta power showed the opposite pattern.
Classical EEG findings have revealed similar increases in
low-frequency oscillations in coma and deep sleep (123).
Here the inventors have demonstrated their relevance to dis-
tinguish VS from MCS patients, as recently reported in
smaller groups of patients (35, 46). The fronto-parietal topog-
raphy of these spectral effects is consistent with a crucial role
of fronto-parietal networks in a ‘global workspace” (GW)
mediating a serial stream of conscious states at theta-like
frequencies (100-300 ms per state). This regional hypothesis
should be confirmed with cortical source analysis, which was
not attempted here given the difficulty of obtaining an accu-
rate source model in patients with massive brain and skull
damage (34).

[0328] The inventors also have shown that spectral mea-
sures exhibit greater fluctuations in MCS than in VS patients,
which agrees with the definition of MCS as a fluctuating state
(124) and show that, contrariwise, a stable state of increase
delta and reduced alpha-theta power is a solid sign of non-
consciousness. Potential differences in vigilance, rather than
consciousness, between MCS and VS patients may contribute
to explain these results. Indeed, the CRS-R sub-score of vigi-
lance was slightly larger in MCS than in VS patients (p<0.05).
However, it is noteworthy that the statistical significance of
the spectral measures was incomparably stronger (stepwise
fit: p<10™* vs 0.05) than this behavioral effect.

[0329] Reduced EEG Complexity in the Vegetative State
[0330] Multiple EEG measures of signal complexity (SE,
PE, K) discriminated VS from MCS patients, and the inven-
tors show that the increase of EEG complexity and stability
monotonically increased with patients’ states of conscious-
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ness. This original result confirms that the complexity of
cortical activity indexes consciousness, as explicitly formu-
lated for instance by the dynamic core model of Tononi and
colleagues (23, 61,122). According to these models, a mini-
mal level of complexity is required to encode a rich and
differentiated representation within a conscious core.
Regions specifically implicated in the coding of conscious
representations would thus show higher complexity during
conscious than during non-conscious states, exactly as
observed here.

[0331] Theinventors found that consciousness was indexed
not only by a high information complexity, but also by a
stability of this complexity, with reduced fluctuations during
the 20-minute recording. This result extends to spontaneous
EEG the findings of a recent fMRI study showing that neural
activation patterns are more reproducible when evoked by a
visible than by an invisible stimuli (121). The inventors
hypothesize that one property of the conscious brain is to
achieve both a reproducible perception of identical sensory
stimuli, as well as a never-ending internal chain of computa-
tions of roughly equal complexity, even in the absence of
sensory stimulation. One intriguing aspect of this work is that
spectral measures showed greater fluctuations in MCS com-
pared to VS, whereas information complexity was more
stable in the MCS than in the VS. This dissociation suggests
that distinct neuronal mechanisms are captured by these mea-
sures. Indeed, there is no contradiction here, as spontaneous
thought could be associated with states of fixed temporal
complexity, yet variable duration (from hundreds of millisec-
onds to several seconds), thus creating significant fluctuations
in frequency contents.

[0332] Increase of Long-Distance Connectivity in Con-
scious States
[0333] One of the most striking differences between

patients was an increase in long-distance connectivity mea-
sures in the theta band (SMI theta) in MCS as comparedto VS
patients. This result strengthens previous findings relating
long-distance synchronization with conscious states in DOC
patients in similar frequency bands. In addition to generaliz-
ing this finding to a large dataset, the results precise the
topography of this large-scale increase of communication by
reporting a maximal effect over mesio-parietal areas, in close
agreement with recent works showing the crucial role of
precuneus and posterior cingulate ‘hubs’ in conscious inte-
gration.

[0334] Future research will investigate whether directional
connectivity analysis also helps to distinguish these clinical
groups (example 2). The importance of long-distance cortical
communication in consciousness fits with a set of perturba-
tional TMS-EEG studies conducted in DOC patients (125),
sleep (126) and anesthesia (127). Most interestingly, the
inventors also find larger fluctuations of functional connec-
tivity in MCS than in VS patients, in particular in PL1 (from
delta to B1) and in SMIO. Recent studies conducted with
epileptic patients with implanted electrodes (SEEG) for pre-
surgical mapping reported that loss of consciousness during
the transition from partial simple to partial complex seizures
was marked by a sudden excessive increase in cortico-cortical
and thalamo-cortical synchrony (128). The inventors results
lead to the testable prediction that this excessive synchroni-
zation would correspond to a marked decrease of information
complexity, which would in turn explain the loss of con-
sciousness.
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[0335] A Collection of Measures Qutperforms Traditional
ERPs
[0336] This study reveals a low sensitivity of traditional

ERPs extracted after signal averaging. EEG studies using
active cognitive paradigms to probe conscious states often use
ERPs as their main measures (36, 39) in particular because
they index specific cognitive processes. Indeed, the auditory
regularities violation task used here was designed to dissoci-
ate the automatic and unconscious MMN from the P3b com-
plex associated with conscious access. The inventors have
previously demonstrated that this P3b ERP measure, which
indexes the detection of a violation of a global regularity, can
be very useful in individual patients a specific marker of
consciousness, sometimes in advance on clinical evaluations
(10, 20). The present results, unfortunately, confirm that it
lacks in sensitivity when used alone. High inter-individual
variability in ERP timing and topography across patients may
explain this finding. In a recent work, the inventors used a
systematic within-subject decoding approach at the single-
trial level in order to improve the detection of global P3-like
ERP responses, resulting in a significant increase in detection
at the individual level (reported herein). This finding call for
the inclusion of this technique along with the successful pro-
posed here to improve diagnostic performance. The present
results also show that ERP fluctuations are sensitive mea-
sures, perhaps because their presence indicates a modulation
by switches of attention and mind-wandering across the
20-minute recording, which would themselves be good indi-
cators of preserved consciousness. Fluctuations on the ERPs
could also be reflecting the fact the VS patients present more
low-frequency power. This activity can directly produce more
fluctuations on the ERPs of those patients. The present dataset
cannot distinguish between the two hypotheses.

[0337] The Value of Combining Several Measures of Con-
sciousness
[0338] A significant gain in discrimination was obtained by

combining several EEG measures. This is an important result
for both theoretical and clinical reasons. Theoretically, this
gain of information suggests that these markers do not simply
reflect distinct facets of the same neural process, but tap onto
distinct and dissociable features of conscious states. From the
medical perspective, these results stress the usefulness of
combining a subset of EEG measures (spectral, informational
and connectivity based). The first attempt to provide an indi-
vidual patient diagnosis decoding is noteworthy: most
patients were correctly decoded on the basis of their EEG
measures, and misclassified patients were always classified in
the closest clinical category. Furthermore, the inventors
decoder discovered EEG information indicating a better
functional status in a subset of clinically defined VS patients.
This result fits with previous fMRI findings indicating that VS
is not a homogeneous category, and that some VS patients
may actually be minimally or even fully conscious (3).
Because EEG is an economic, widespread, and easily repeat-
able method, it may prove more efficient than fMRI in order
to identify these patients in the clinic. Indeed, these results
point to the possibility that a reduced set of EEG measures,
computed from a few selected scalp electrodes, could serve as
a reliable bedside tool to probe consciousness in DOC
patients.

EXAMPLE 4

Measuring Consciousness Using KSC

[0339] Theinventors tested whether KSC could distinguish
EEG recordings corresponding to VS patients from record-
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ings corresponding to MCS patients. The inventors recorded
75 VS patients and 67 MCS using a 256-electrode geodesic
sensor net (EGI, Oregon, USA).

[0340] When considering the mean KSC across all chan-
nels. Analyses with ©=32 ms revealed that VS patients pre-
sented significantly lower complexity across EEG channels
than MCS patients (p<<0.01). The area under the curve (AUC)
of the receiver operating characteristic (ROC) curve showed
a discrimination power of 62.88% (FIGS. 15 and 16).

EXAMPLE 5

Further Evaluation of wSMI of Consciousness

[0341] To test whether global information sharing can also
discriminate conscious states, the inventors introduce anovel
measure, weighted Symbolic Mutual Information (wSMI),
which evaluates the extent to which two distinct EEG signals
present non-random arrangements of their joint fluctuations,
suggesting that they share partially similar information. This
method presents three main advantages. First, it looks for
qualitative or “symbolic” patterns of increase or decrease of
the signal (F1G. 14.a). The symbolic transformation depends
on the length of the symbol (here, k=3) and its temporal
spread (here, T=[4, 8, 16 or 32] ms, see methods. Second, the
mutual information measure sets no a priori on the type of
interactions, making this approach capable of detecting non-
linear coupling (FIG. 14.5). Last but not least, the weights
help disregarding spurious correlations across two EEG sig-
nals capturing common sources (FIG. 14.c). The inventors
computed wSMI after a current source density (CSD) trans-
formation of EEG signals, which increases the spatial focal-
ization of the data over active sources, and therefore reduces
common-source artifacts.

[0342] To maximize the specificity of the measure with
regard to conscious state, the inventors focused their analyses
on DOC patients with preserved arousal abilities, but who
suffer from an inability to communicate with their surround-
ing environment. Within this category, vegetative state (VS)
patients present no clinical signs of conscious behavior,
whereas minimally conscious state (MCS) patients demon-
strate fluctuating but consistent deliberate responses.

[0343] wSMI Increases with Consciousness State

[0344] When considering the median wSMI across all
channel pairs, analyses with T=32 ms revealed that EEG
recordings acquired from VS patients (n=75) presented sig-
nificantly lower information sharing across EEG channels
than MCS patients” (n=68): U=3737, p<10~°, AUC=0.73;
than CS patients’ (n=24): U=1445, p<10~°, AUC=0.80; and
than healthy controls (n=14): U=890, p<10~*, AUC=0.85
(FIG.19.5). These effects were observed for all tested param-
eters butt=4 ms (FIG. 23.a)—which captures relatively short
events.

[0345] wSMIisRobustto Syndromes’ Etiology and Acute-
ness
[0346] An analysis of variance across patients, states of

consciousness (VS, MCS, CS) and etiologies (anoxia, stroke,
traumatic brain injury (TBI), other) showed a main effect of
consciousness state (F(2,119)=11.96, p<10~), but no main
effect of etiology (F(3,119)=1.83, p=0.145). The difference
in median wSMI between VS and MCS patients was observ-
able in anoxia (U=181, p=0.001, AUC=0.87), TBI (U=126,
p=0.001, AUC=0.78) and stroke (U=102, p=0.024, AUC=0.
72) patients (FIG. 18.a).
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[0347] Similarly, after categorizing each patient in one of
the three types of delay separating their accident from the
time of EEG recording (acute [<25 days], intermediate and
chronic [>50 days]), the inventors found again a strong main
effect of consciousness state (F(2,132)=10.01, p<10~*) but no
main effect of delay (F(2,132)=2.24, p=0.110). The differ-
ence in median wSMI between VS and MCS patients was
observable in chronic (U=295, p=0.022, AUC=0.71) and
intermediate (U=98, p<10~*, AUC=0.84) patients and mar-
ginal in acute subjects (U=417, p=0.081, AUC=0.64).

[0348] wSMI Impairments are Dominated by Centro-Pos-
terior Regions
[0349] Topographies summarizing the amount of informa-

tion that each EEG channel shares with others (FIG. 19.a)
suggest that the information sharing deficit in VS patients was
present over most scalp regions (p z5x<0.05 in more than 97%
of the CSD transforms of EEG channels). When comparing
VS and MCS, the median wSMI in frontal areas (Fz) were less
impaired in VS patient than in the posterior regions (Pz):
U=2035, p=0.038, AUC=0.60.

[0350] As it can be difficult to interpret the very large num-
ber of pairs of EEG channels (n=32 640; see FIG. 25), the
inventors reduced the data to 16 clusters composed of ~16
CSD estimates each. The results, plotted in FIG. 20, con-
firmed that VS patients exhibited an overall reduction of
information sharing mainly with posterior areas: 48% of the
120 cluster pairs showed significantly smaller wSMI in VS
than in MCS and than in CS patients (p;,z<0.05).

[0351] wSMI is Specifically Affected at Long Distances

[0352] EEG is notorious for its low spatial resolution,
mainly due to volume conduction of electric currents through
the head tissues. Although the inventors applied a CSD trans-
form to reduce these artifacts, the above analyses may still be
partly confounded by common source artifacts.

[0353] To address this issue, the inventors investigated the
relationship between wSMI and the Euclidian distance sepa-
rating each pair of EEG channel. As can be seen on FIGS. 21
and 25, for nearby pairs of EEG recording sites (distances<5
cm), wSMI quickly dropped towards zero, confirming simu-
lations showing that this analysis help minimizing common
source artifacts (FIG. 22). Moreover, statistical comparisons
of consciousness states as a function of distance revealed no
difference between groups of patients at short distances
(d<8.3 cm): all p>0.10. By contrast, at medium (8.3
cm<d<15.4 cm) distances, VS showed a strong reduction of
wSMI as compared to MCS (U=3825, p<0.10~%, AUC=0.75),
CS (U=1439, p<0.10~, AUC=0.80) and healthy subjects
(U=801, p<0.10~>, AUC=76). Similar results were observed
at long distances (d>15.4 cm) (FIG. 21.¢). Finally, similar
effects were observed with T=8 ms and ©=16 ms (see FIG.
25.q).

[0354] In summary, these results strongly suggest that VS
patients are selectively impaired in medium and long distance
information sharing.

[0355] SMI Results

[0356] Symbolic mutual information (SMI) between two
channels is a closely similar measure to wSMI, except that it
equally considers all conjunction of symbols observed across
two signals. This measure, is however subject to multiple
forms of artifacts. Indeed, head movement, eye blinks,
muscle contractions as well as the volume conduction of
electric fields all tend to generate similar signals in different
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EEG sensors. SMI is thus very likely to overestimate the
amount of information sharing across distinct cortical
sources.

[0357] Distance analyses of SMI summarized in FIG. 25.5
show that, in contrast to wSMI, SMI rapidly increases as the
distance between two EEG sensors diminishes. Moreover,
results showed that VS’ SMI was significantly smaller than
MCS (U=3297,p=0.003, AUC=0.65), CS (U=1235, p=0.006,
AUC=0.69), and healthy (U=749, p=0.012) subjects at
medium, as well as at long (U=[3300, 1223, 729], p=[0.002,
0.009, 0.02], AUC=[0.64, 0.68, 0.69]) distances. However, at
short distances, VS patients” SMI was also significantly lower
than MCS (U=3165 p=0.013, AUC=0.62), CS (U=1217 p=0.
010, AUC=0.68), and healthy (U=773 p=0.005, AUC=0.73)
subjects. Moreover, the difference between VS and MCS
subjects was not higher (or lower) at low than at medium
(U=4644, p=0.310, AUC=0.45) or than at long (U=2188,
p=0.144, AUC=0.57) distances.

[0358] The lack of interaction between consciousness state
and distances make these SMI results potentially ambiguous,
because VS’ overall impairment may be due to smaller
amount of common source artifacts. By contrast, not only
were wSMI more robust than SMI, but it allowed finding such
critical interaction.

[0359] Replication of wSMI Results Using Different Time
Periods of Recordings

[0360] Itis possible that the results are specific to the audi-
tory stimulations presented during this experiment. The
inventors therefore replicated their analyses on different time
periods following auditory stimulations. The obtained results
were very close to the one reported in the main manuscript. At
short distances, no significant difference was observed across
states of consciousness (all p>0.406). However, at medium
distances, VS subjects presented a smaller wSMI than MCS
(U=3698, p<10-5, AUC=0.73), CS (U=1404, p<10-4,
AUC=0.79) and healthy (U=793, p=0.002, AUC=0.76) sub-
jects. Similarly, at long distances, VS subjects presented
smaller wSMI than MCS (U=3383, p<0.001, AUC=0.67),CS
(U=1334, p<10-4, AUC=0.75) and healthy (U=825, p<0.001,
AUC=0.80) subjects. Again, the difference observed between
VS and MCS subjects was stronger at medium (U=3410,
p<0.001, AUC=0.68) and long (U=1685, p<0.001, AUC=0.
67) distances than at short distances.

[0361] Together, these results show that VS’ impairment in
wSMI is not specific to a single type of auditory condition. To
strengthen these results, future analyses should however
investigate the variation of wSMI in other conditions such as
during sleep, resting state and other tasks requiring subjects’
attention.

[0362] Distance Analyses: All Parameters

[0363] The inventors replicated the distance analyses
reported in the main manuscript using three other © values [4,
8, 16 ms]. At t=16 ms, results were closely similar to those
initially observed with t=32 ms. No differences between VS
and MCS’ wSMI was observed at short distances, but a strong
wSMI impairement amongst VS patients was observed at
medium (U=3826, p<10-6, AUC=0.75) and to a lesser extent
atlong (U=3356,p=0.001, AUC=0.66) distances. VS subjects
also presented smaller wSMI than CS, and healthy controls
(all p<0.01) at these two distances. The difference between
VS and MCS subjects appeared significantly larger at long
than at short distances: U=1679, p<10-3, AUC=0.67. At t=8
ms, no differences were observed at short distances, but VS
patients, again, showed a smaller wSMI than MCS (U=3224,
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p=0.006, AUC=0.63), CS (U=1361, p<0.001, AUC=0.76)
and healthy subjects (U=860, p<0.001), AUC=0.82). VS sub-
jects had slightly lower wSMI than CS (U=1139, p=0.0515,
AUC=0.63) and healthy subjects (U=721, p=0.028, AUC=0.
69). However, on average MCS subjects showed higher
wSM]I, this difference wasn’t significant (p=0.38). Finally, at
=4 ms, no robust effect was observed: VS subjects never
presented a significantly lower (or higher) wSMI than MCS,
CS or healthy subjects: all p>0.10.

[0364] All together, these results show that the parameter t
changed the sensitivity of the test, but, at the exception of =4
ms, the general pattern described in the main manuscript was
consistently observed: VS patients showed an overall wSMI
reduction at medium and/or long distances, but no effect at
short distances. These results therefore support the claim that
VS patients are specifically impaired at medium/long dis-
tance information sharing.

[0365] PLV and PLI

[0366] The inventors also analyzed the present data with
more traditional functional connectivity/correlational analy-
ses such as phase locking value (PLV) and phase lag index
(PLI). Results are summarized in FIG. 25.e-4.

[0367] As expected, distance analyses showed that PLV
presented a similar pattern than SMI: overall PLV rapidly
increases as the distance between two EEG channels
approaches 0. By contrast, PLI presented a similar pattern to
wSMLI: its value rapidly decreases as the distance between
two EEG channels approaches 0. The inventors therefore
focus on PLI results. Distance analyses were performed
across four distinct set of distances ([1.2-6.6] cm, [6.6-11.8]
cm, [11.8-17.1] cm, [17.1-22.2] cm), which appeared to bet-
ter summarize the overall pattern observed across all possible
distances.

[0368] Comparison across states of consciousness and dis-
tances showed two small effects. At very low frequencies (<4
Hz), PLI appeared marginally larger in VS patients’ than in
MCS: U=[2088, 2121, 2059, 2027], p=[0.062, 0.083 0.047,
0.0347], AUC=[0.59 0.58 0.60 0.60] for each of the four
distances. However no interaction between consciousness
state (VS, MCS) and distances was found. Note that SMI and
wSMI could not be tested for such low frequencies (see
Supplementary method, Simulations). It would however be
interesting to see whether, wSMI could be better at finding
such types of interactions and thus rule out the possibility that
this change in low frequency PLI is not only due to an
increased delta power in VS patients” EEG. Around theta
frequencies, VS subjects presented only marginally lower
PLI than MCS subjects at medium distances: U=[3075,
3008], p=10.034 0.064], AUC=[0.60, 0.59], but these two
groups of subjects did not differ at short (U=2812, p=0.291,
AUC=0.55) nor at long (U=2898, p=0.160, AUC=0.57) dis-
tances. At these two medium distances PLI better discrimi-
nated VS from MCS patients than PLI at short distances:
U=[3348, 1965], p=[0.0013, 0.018], AUC=[0.65, 0.61].

[0369] Taken together, results from PLV and PLI analyses
suggest that conventional method may be able to capture the
observed phenomena: a smaller amount of distant informa-
tion sharing at frequencies above 4 Hz. However, these results
are relatively weak, especially when considering the amount
of EEG recordings acquired. PLV and PL1 results and would
thus not allow a strong correction for multiple comparisons
(across distances and frequencies).
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[0370] Simulations
[0371] Effect of Mixture of Sources on SMI and wSMI
[0372] To test the validity of the measure, the inventors ran

a series of simulations where the inventors tested the robust-
ness of wSMI in detecting the non-linear coupling of distinct
sources from two simulated recording devices capturing a
heterogeneous mixture of these two sources. These simula-
tions are just presented in order to show i) how common
source artifacts affect SMI and ii) why wSMI is robust to the
latter. Because several signal and noise parameters were set
arbitrarily, the inventors only present results in a qualitative
manner in FIG. 22.

[0373] The inventors considered two main scenarios: 1) the
presence, and ii ) the absence of coupling between two sources
(X andY). First, in case of the presence of a coupling between
X and 'Y, the inventors generated a random joint probability
matrix C ([k!, k!]) as well as a random single probability
vector P(S) ([1, k!]) of each symbol S to belong to X. From
P(S), the inventors then pseudo-randomly constructed a sym-
bolic sequence X as a sequence of 1000 symbols. The Y
symbolic sequence was then constructed by pseudo-ran-
domly generating 1000 consecutive symbols following the
transformation of X by the joint probability.

[0374] Finally, continuous signals X and ¥ were generated
from the symbolic sequences X and Y, by generating two
random (with a Gaussian distribution) numbers ¢ and {3 for
each time point. Each of the k ordinal elements of each
symbol was then transformed into a continuous time point
accordingly: S=Sxa+f.

[0375] Inthesecond scenario, X and Y symbolic sequences
were generated from a homogeneous conjunction matrix
indicative of no coupling in the space of interest. Continuous
signals X and Y were then generated as in the first scenario.
[0376] In each scenario, two simulated EEG sensors were
generated by creating more or less homogenous mixture of
the two continuous signals. Each simulated sensor captures y
% of the neighboring source—and thus (100-y)% of the other
source. Such setup mimics, two EEG sensors respectively
located towards the electric fields’ projections of X and Y
sources. FI1G. 22 shows the qualitative results of these simu-
lations.

[0377] Effectofton Frequency-Specific Coupling Estima-
tion
[0378] Although SMI and wSMI cannot be fully expressed

in terms of frequencies, it is useful to see the broad frequency
range of information sharing to which wSMI can be sensitive.
As mention in the methods, the symbol sizes (t) affects this
frequency range. Sinusoidal signals were thus generated at
each frequency ranging between 0 and 60 Hz and sampled at
250Hz. Pairs of signals were synchronized at t/2 (90°) across
two signals. Results of wSMI between such coupling was
estimated for each pair of signals at ©=[4, 8, 16, 32] ms.
Results are presented in FIG. 25.i, and show that none of the
tested T values can capture low frequency components (<4
Hz), and that the shorter T is, and the larger and higher
becomes its range of frequencies.
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1. A method to measure or monitor consciousness in a
subject comprising the steps:
a) Acquisition of brain activity signals;
b) Pre-processing of the brain activity signals of step a);
¢) Symbolic transformation of the signals from step b) into
a series of discrete symbols;
d) Analysis of the series of symbols from step ¢) using at
least weighted symbolic mutual information (wSMI),
using the formula:
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where x and y are all symbols present in signals from
electrodes X andY respectively; p(x,y) is the joint prob-
ability of co-occurrence of symbol x in electrode X and
symbol y in electrode Y; and p(x) and p(y) are the prob-
abilities of those symbols in each respective signal and
w(X,y) is a weight matrix.

e) Calculation of a consciousness index based upon the
outcome of the analysis of step d).

2. The method according to claim 1, wherein said brain
activity is recorded using a technique selected from the group
comprising: electroencephalography (EEG), Magneto-en-
cephalography (MEG), electro-corticography (ECOG),
intracranial local field potentials (LFPs), functional magnetic
resonance imaging (fMRI) and functional near-infrared
imaging (fNIRS).

3. The method according to claim 2, wherein said brain
activity is measured using EEG at least two electrodes and a
reference.

4. The method according to claim 1, wherein the recorded
brain activity undergoes pre-processing.

5. The method according to claim 1, wherein at least one
further analysis of brain activity is performed selected from
the group comprising:

Mid-latency auditory potential corresponding to the first
sound (P 1); Contingent Negative Variation (CNV);
P300a; P300b; Mismatch negativity (AMMN); Con-
trasted P3b (AP300b) and Contrasted P300a (AP300a);
Multivariate pattern analysis of the mismatch negativity
and the P300; Spectral analysis; Power spectrum cen-
troids (MSF, SEF); Spectral entropy (SE); Permutation
entropy; Kolgomorov symbolic complexity (KSC); Kol-
mogorov Chaitin complexity; Phase Locking Value
(PLV); Phase Lag Index (PLI); Global algorithmic com-
plexity (GK).

6. The method according to claim 1, wherein a conscious-
ness index or combined consciousness index is produced
based upon the analysis or the combination of analysis of
brain activity.

7. An apparatus for automatically administering a stimulus
or medicament to a subject according to the output of the
consciousness index according to claim 6.
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