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(57) ABSTRACT

The present invention relates to a computer-implemented
method for computing a neuromarker of Alzheimer’s disease
comprising the steps of obtaining at least one spectral
feature from EEG signals of a subject; obtaining at least one
Riemannian distance between a spatiofrequential covariance
matrix computed from the EEG signals of said subject and
at least one reference spatiofrequential covariance matrix;
and combining said at least one spectral feature and said at
least one Riemannian distance in a mathematical function.
The present invention also relates to a method for self-paced
modulation of EEG signals of a subject in order to alleviate
symptoms of Alzheimer’s disease using the predictive neu-
romarkers of Alzheimer’s disease.
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PREDICTIVE NEUROMARKERS OF
ALZHEIMER’S DISEASE

FIELD OF INVENTION

[0001] The present invention pertains to the field of
assessment, diagnosis, and treatment of a medical condition.
More specifically, the present invention relates to predictive
neuromarkers of Alzheimer’s disease (AD)) and to a method
for computing said neuromarkers of Alzheimer’s disease.
The present invention also relates to a non-invasive method
of diagnosing the presence of AD using said predictive
neuromarkers and to a neurofeedback method to alleviate
symptoms of AD using said predictive neuromarkers.

BACKGROUND OF INVENTION

[0002] AD is a neurodegenerative disorder during which
neural tissue is gradually degraded leading to progressive
loss of intellectual, behavioral and functional abilities. AD is
the leading cause of dementia in humans and already one of
the most important financial burden for society. AD diag-
nosis is currently performed based upon clinical history,
laboratory tests, neuroimaging and neuropsychological
evaluations. However theses clinical assessments are costly
and require experiences clinicians and/or lengthy sessions.
[0003] As the therapies to treat AD are still not effective,
possibly due to irreversible brain damages, there is a need
for an accurate, specific and cost effective biomarker to
assess and diagnose AD at an early stage to reduce the risk
of a later development. There is also a need of a biomarker
to follow disease progression and therapy response.

[0004] The symptoms of AD have been reported to be
associated with changes in the cortical electrical activity
recorded by electroencephalography (EEG). Neuromarkers
identification is then a major concern as it could improve the
early diagnostic of the disease, and enable brain waves
training (neurofeedback training) in order to correct EEGs
anomalies and reduce cognitive impairments.

[0005] Several studies have already reported EEG modi-
fications in AD patient’s brain (Bhat et al., 2015, Clinical
Neurophysiological and Automated EEG-Based Diagnosis
of the Alzheimer’s Disease, Eur Neurol, DOI: 10.1159/
000441447). Spectral measures report a global slowing of
brain activity with power increase in delta and theta
rhythms; a power decrease in alpha and/or beta rhythms
mostly in frontal-central and parietal regions; and an
elevated activity in gamma band in parietal, occipital and
posterior temporal regions (Vialatte & Gallego, 2014, A
Theta-band EEG based Index for Early diagnosis of
Alzheimer’s disease, Journal of Alzheimer’s disease, DOI
10.3233/JAD-140468; Lizio et al., 2011, Electroencephalo-
graphic Rhythms in Alzheimer’s Disease, International Jour-
nal of Alzheimer’s Disease, Vol. 2011, DOI 10.4061/2011/
927573; Deursen et al., 2008, Increased EEG gamma band
activity in Alzheimer’s disease and mild cognitive impait-
ment, J Neural Transm, DOI 10.1007/s00702-008-0083-y).
[0006] WO 2010/147913 illustrates the use of EEG modi-
fications for the physiological assessment of nervous system
health, especially for tracking disease progression and treat-
ment efficacy in disorders such as Alzheimer’s disease. In
particular, WO 2010/147913 measures power spectral den-
sities of brain state of a subject.

[0007] Itisan object of the invention to provide predictive
EEG features that relates to the risk of Alzheimer’s disease

Jun. 11, 2020

in patients with improved sensibility, specificity, accuracy
and/or AUROC with regards to known spectral analysis.
[0008] Tt is a further object of the invention to use said
predictive neuromarkers in diagnosis of AD and in a neu-
rofeedback method to alleviate the symptoms of AD.

SUMMARY

[0009] The present invention relates to a computer-imple-
mented method for computing a neuromarker of Alzheim-
er’s disease comprising:

[0010] obtaining at least one spectral feature from EEG
signals of a subject;

[0011] obtaining at least one Riemannian distance
between a spatiofrequential covariance matrix com-
puted from the EEG signals of said subject and at least
one reference spatiofrequential covariance matrix; and

[0012] combining said at least one spectral feature and
said at least one Riemannian distance in a mathematical
function.

[0013] According to one embodiment, the at least one
spectral feature is selected from the spectral power densities
for alpha, beta, theta, gamma and delta frequency ranges for
electrodes Fpl; Fp2; F7; F3; Fz; F4; F8; T3; C3; Cz; C4; T4,
T5; P3; Pz; P4; T6; O1 and O2 according to the international
10-20 system.

[0014] According to one embodiment, the at least one
spectral feature is selected from the spectral power densities
for alpha frequency range for Fp2, F7, C3, C4, P3 and O2
electrodes; the spectral power densities for theta frequency
range for Fp2, F3, F4, F8, Cz, T4, P4 and O1 electrodes, the
spectral power densities for beta frequency range for F3, F4,
T3,Cz, C4, T4, P3 and P4 electrodes, and the spectral power
densities for delta frequency range for F3, F8, Cz, P3, Pz, T6
and O2 electrodes.

[0015] According to one embodiment, the at least one
spectral features comprises the spectral power density for
alpha frequency range for Fp2 electrode; the spectral power
density for theta frequency range for P4 electrode and the
spectral power density for alpha frequency range for O2
electrode.

[0016] According to one embodiment, the at least one
Riemannian distance comprises the Riemannian distance
between the spatiofrequential covariance matrix computed
from the EEG signals of said subject and at least one
reference spatiofrequential covariance matrix characteristics
of a population of Alzheimer subjects.

[0017] According to one embodiment, the at least one
Riemannian distance comprises:

[0018] the Riemannian distance between the spatiofre-
quential covariance matrix computed from the EEG
signals of said subject and at least one reference
spatiofrequential covariance matrix characteristics of a
population of Alzheimer subjects;

[0019] the Riemannian distance between the spatiofre-
quential covariance matrix computed from the EEG
signals of said subject and a reference spatiofrequential
covariance matrix characteristics a control population
which does not suffer from Alzheimer’s disease or mild
cognitive impairment; and

[0020] the Riemannian distance the spatiofrequential
covariance matrix computed from the EEG signals of
said subject and at least one reference spatiofrequential
covariance matrix characteristics of a population of
mild cognitive impairment subjects.
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[0021] According to one embodiment, the at least one
reference spatiofrequential covariance matrix characteristics
of a population of Alzheimer subjects, the at least one
reference spatiofrequential covariance matrix characteristics
of a control population and/or the at least one reference
spatiofrequential covariance matrix characteristics of a
population of mild cognitive impairment subjects is
obtained by a Riemannian clustering method from spatiof-
requential covariance matrices of EEG signals of respec-
tively a population of Alzheimer subjects, a control popu-
lation and/or a population of mild cognitive impairment
subjects.

[0022] According to one embodiment, the computer-
implemented method further comprises the step of obtaining
at least one biomarker of the subject before the step of
combining said at least one spectral feature, said at least one
Riemannian distance and said biomarker in a mathematical
function.

[0023] According to one embodiment, the mathematical
function is a logistic function, preferably computed as
follows:

1

PEEAD w0 = T )

[0024] wherein x is a vector of the spectral features or the
Riemannian distances, w is the vector of the coefficients and
W, is a bias term.

[0025] The present invention also relates to

[0026] a data processing apparatus comprising means
for carrying out the steps of the method of the inven-
tion;

[0027] acomputer program product comprising instruc-
tions which, when the program is executed by a com-
puter, cause the computer to carry out the steps of the
method of the invention; and/or

[0028] a computer-readable storage medium compris-
ing instructions which, when executed by a computer,
cause the computer to carry out the steps of the method
of the invention.

[0029] The present invention further relates to a method
for self-paced modulation of EEG signals of a subject in
order to alleviate symptoms of Alzheimer’s disease, said
method comprising continuously:

[0030] acquiring EEG signals from the subject;

[0031] computing the neuromarker of Alzheimer’s dis-
ease from EEG signals of said subject according to the
method of the invention; and

[0032] reporting the neuromarker to the subject.

[0033] In another aspect, the invention relates to a method
for external modulation of EEG signals of a subject in order
to alleviate symptoms of Alzheimer’s disease, said method
comprising continuously:

[0034] acquiring EEG signals from the subject;

[0035] computing the neuromarker of Alzheimer’s dis-
ease from EEG signals of said subject according to the
method of the invention; and

[0036] applying external modulation to the subject in
order to modulate the neuromarker.

[0037] The present invention also relates to a system for
self-paced modulation or external modulation of EEG sig-
nals of a subject comprising:
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[0038] acquisition means for acquiring EEG signal
from a subject;

[0039] computing device for computing the neuro-
marker of Alzheimer’s disease from EEG signals of
said subject according to the method of the invention;
and

[0040] output means for reporting the neuromarker to
the subject using a metaphor.

[0041] In a further aspect, the invention relates to a
non-invasive method of diagnosing the presence of
Alzheimer’s disease in a subject, comprising;

[0042] computing the predictive neuromarkers of
Alzheimer’s disease from EEG signals of said subject
according to the method of the invention; and

[0043] combining said predictive neuromarkers in a
mathematic function to obtain a score useful for diag-
nosing the presence of Alzheimer’s disease in said
subject.

[0044] According to one embodiment, the non-invasive
method further comprises the step of diagnosing the pres-
ence or absence of Alzheimer’s disease in said subject if the
score is respectively below of above a diagnostic cut-off.
[0045] According to one embodiment, the mathematic
function is a logistic function, preferably computed as
follows:

1

reAD = Trexp—(wtm)
plx € AD | w, wp) 1 +exp(— (T w+w))’

[0046] wherein x is a vector of the spectral features or the
Riemannian distances, w is the vector of the coefficients and
W, is a bias term.

Definitions

[0047] In the present invention, the following terms have
the following meanings:

[0048] “About” preceding a figure means plus or less
10% of the value of said figure, preferably plus or less
5% of the value of said figure.

[0049] “AUROC” stands for area under the ROC curve,
and is an indicator of the accuracy of a diagnostic test.
In statistics, a receiver operating characteristic (ROC),
or ROC curve, is a graphical plot that illustrates the
performance of a binary classifier system as its dis-
crimination threshold is varied. The curve is created by
plotting the sensitivity against the specificity (usually
1—specificity) at successive values from 0 to 1.

[0050] “Biomarker” refers to a variable that may be
measured from a bodily fluid sample, such as for
example a blood or cerebrospinal fluid sample, or from
medical imaging techniques, such as for example posi-
tron emitting tomography (PET) scan, magnetic reso-
nance imagery (MRI), computed tomography (CT)
scan, retina scan, or from any other diagnosis tool.

[0051] “Computing device” refers to a computer-based
system or a processor-containing system or other sys-
tem that can fetch and execute the instructions of a
computer program.

[0052] “Diagnostic cut-off” refers to the diagnostic cut-
off of a non-invasive test score. The cut-off distin-
guishes patients with or without the diagnostic target
(yes/no). Within a preferred embodiment of the present
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invention, the diagnostic cut-off is the threshold that
minimized the distance to the top-left corner of the
ROC plot. The diagnostic cut-off may also be fixed a
priori to 0.5 according to statistical convention, and a
posteriori according to specific choice, usually the
highest Youden index (Se+Spe-1), the maximum over-
all accuracy to optimize test performance or the thresh-
old with the highest sensitivity and specificity.

[0053] “Diagnostic target” refers to the main objective
of a non-invasive diagnostic test, i.e. for determining
the presence or absence (yes/no) of a targeted clinical
feature. Thus, the diagnostic target of the present inven-
tion is the presence or absence of AD.

[0054] “Electrode” refers to a conductor used to estab-
lish electrical contact with a nonmetallic part of a
circuit. For instance EEG electrodes are small metal
discs usually made of stainless steel, tin, gold, silver
covered with a silver chloride coating; there are placed
on the scalp in specific positions.

[0055] “Epoch” refers to a determined period over
which EEG signals are analyzed.

[0056] “External or induced modulation” refers to the
modulation of the brain activity which is not induced
by the subject. Said modulation may comprise the
following methods:

[0057] Deep brain stimulation (DBS);

[0058] Electroconvulsive therapy (ECT);

[0059] Magnetic seizure therapy (MST);

[0060] Transcranial direct current stimulation
(tDCS);

[0061] Transcranial magnetic stimulation (TMS);

[0062] Repetitive transcranial magnetic stimulation
(cIMS); or

[0063] Vagus nerve stimulation (VNS).

[0064] External modulation also comprises any method
of stimulation known by one skilled in the art which
affect the brain’s activity, e.g. drugs (sedation) or
interventions (mechanical ventilation). Such stimula-
tion may also indirectly affect the brain via sensory
neural afferences: acoustic, visual, somatosensory
stimulations. External modulation may also comprise
simultaneous stimulation of elements of the two hemi-
spheres of the brain at different frequencies of phase in
order to elicit brain activity at frequency of interest in
specific area of the brain (e.g. binaural beats for audi-
tory stimulation).

[0065] “Metaphor” refers to a particular mental task to
focus on which is associated with producing or achiev-
ing a target brain state response in the subject. For
instance, for achieving a particular brain state, a meta-
phor may be a target. The target may come into focus
when the subject’s brain state is closer to the target
brain state, and the target may go out of focus when the
subject’s brain state is further from the target brain
state.

[0066] “Mild cognitive impairment” (MCI) is consid-
ered as a transitional stage between normal aging and
dementia. AD symptoms typically start with MCI. The
etiology of MCI is not restricted to AD.

[0067] “Neuromarket” refers to a quantitative measure
derived from the EEG.

[0068] “Negative predictive value (NPV)” refers to the
proportion of patients with a negative test result that are
actually disease free; if 8 of 10 negative test results are
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correct (true negative), the NPV is 80%. Because not all
negative test results are true negatives, some patients
with a negative test result actually have the disease. The
NPV describes how likely it is that a negative test result
in a given patient population represents a true negative.

[0069] “Patient” refers to a subject awaiting the receipt
of, or is receiving medical care or is/will be the object
of a medical procedure for treating Alzheimer’s dis-
ease.

[0070] “Positive predictive value (PPV)” refers to the
proportion of patients with a positive test that actually
have disease; if 9 of 10 positive test results are correct
(true positive), the PPV is 90%. Because all positive
test results have some number of true positives and
some false positives, the PPV describes how likely it is
that a positive test result in a given patient population
represents a true positive.

[0071] “Predictive neuromarkers” refers to neuromark-
ers that may be used to discriminate whether a subject
has a particular condition, especially AD.

[0072] “Real time” refers to a process for which the
output is given within a time delay that is considered as
smaller than the time delay required to perform the
underlying task of modulation adequately. Therefore
for self-paced modulation, real time refers to a process
implemented in less than 700 ms, preferably less than
500 ms, more preferably less than 400 ms, even more
preferably less than 250 ms. For external modulation
real time may refer to a process implemented in less
than 10 min, less than 1 min; less than 30 s, less than
1 s or less than 700 ms, depending on the frequency of
the external modulation.

[0073] “Riemannian manifold” refers to a differentiable
topological space that is locally homeomorphic to a
Euclidean space, and over which a scalar product is
defined that is sufficiently regular. The scalar product
makes it possible to define a Riemannian geometry on
the Riemannian manifold.

[0074] “Score” refers to any digit value obtained by the
mathematical combination of at least one neuromarker
and/or at least biomarker. In one embodiment, a score
is an unbound digit value. In another embodiment, a
score is a bound digit value, obtained by a mathemati-
cal function. Preferably, a score ranges from 0 to 1.

[0075] “Self-paced modulation” refers to the modula-
tion of the brain activity induced by the subject. In the
sense of the present invention, self-paced modulation
has the same meaning as neurofeedback and refers to
the ability for the subject to control its brain electrical
activity in real time. Self-paced modulation may
include cognitive strategy such as predefined instruc-
tions given to the subject.

[0076] “Sensitivity” (also called true positive rate) mea-
sures the proportion of actual positives which are
correctly identified as such.

[0077] “Specificity” (also called true negative rate)
measures the proportion of negatives which are cor-
rectly identified as such.

[0078] “Subject” refers to a mammal, preferably a
human. [n one embodiment, a subject is a “patient™, 1.e.
a warm-blooded animal, more preferably a human,
who/which is awaiting the receipt of, or is receiving,
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medical care or was/is/will be the subject of a medical
procedure, or is monitored for the development or
progression of a disease.

[0079] “Symmetric positive definite (SPD) matrix”
refers to a square matrix that is symmetrical about its
diagonal (i.e. A,;=A;) and that has eigenvalues that are
strictly positive. An SPD matrix of dimensions C*C has
C(C+1)2 independent elements; it may therefore be
locally approximated by an Euclidian space of C(C+
1)/2 dimensions. It is possible to show the SPD space
has the structure of a Riemannian manifold. It is known
that covariance matrices are symmetric positive defi-
nite matrices.

DETAILED DESCRIPTION

[0080] This invention relates to predictive neuromarkers
of Alzheimer’s disease. Especially, the present invention
relates to a method for computing a neuromarker of
Alzheimer’s disease.

[0081] Said predictive neuromarkers comprise at least one
spectral feature obtained from EEG signals of a subject; and
at least one Riemannian distance between a spatiofrequential
covariance matrix computed from the EEG signals of said
subject and at least one reference spatiofrequential covari-
ance matrix.

[0082] The method, especially a computer-implemented
method, for computing a neuromarker of Alzheimer’s dis-
ease comprises the steps of:

[0083] obtaining at least one spectral feature from EEG
signals of a subject;

[0084] obtaining at least one Riemannian distance
between a spatiofrequential covariance matrix com-
puted from the EEG signals of said subject and at least
one reference spatiofrequential covariance matrix; and

[0085] combining said at least one spectral feature and
said at least one Riemannian distance in a mathematical
function.

[0086] In one embodiment, said EEG signals are pre-
recorded. In another embodiment, the method comprises the
preliminary step of recording EEG signals generated by a
subject using an headset or an electrode system applied to
the scalp of the subject.

[0087] Various types of suitable headsets or electrode
systems are available for acquiring such EEG signals.
Examples includes, but are not limited to: Epoc headset
commercially available from Fmotiv, Mindset headset com-
mercially available from Neurosky, Versus headset commetr-
cially available from Sensel.abs, DSI 6 headset commer-
cially available from Wearable sensing, Xpress system
commercially available from BrainProducts, Mobita system
commercially available from TMSi, Porti32 system com-
mercially available from TMSi, ActiChamp system com-
mercially available from BrainProducts and Geodesic sys-
tem commercially available from EGI.

[0088] According to one embodiment, the EEG signals are
acquired using a set of sensors and/or electrodes. According
to one embodiment, the EEG signals are acquired by at least
4,8,10,15,16,17, 18, 19, 20, 25, 50,75, 100, 150, 200, 250
electrodes.
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[0089] The overall acquisition time is subdivided into
periods, known in the art as epochs. Each epoch is associated
with a matrix XER ", representative of the spatiotemporal
signals acquired during said epoch. Spatiotemporal EEG
signals XER " are composed of C channels, electrodes or
sensors and N time samples. For example, a subject is fitted
with C electrodes for EEG signals acquisitions. Each elec-
trode c=1 .. . C delivers a signal X_(n) as a function of time.
The signal is sampled so as to operate in discrete time: X(c,
n)=X_(n), and then digitized. This produced a matrix rep-
resentation of the set of EEG signals. According to one
embodiment, in order to ensure real-time processing, suc-
cessive epochs are overlapped.

[0090] According to one embodiment, the covariance
matrix is a spatial covariance matrix. In an embodiment, the
spatial covariance matrix is computed as follows:

with N=C, where N is the number of samples in the epoch
for each electrode and C the number of electrodes. In
another embodiment, the spatial covariance matrix is com-
puted using any method known by the skilled artisan, such
as those disclosed in Barachant A. Commande robuste d’un
effecteur par unme interface cerveau-machine EEG asyn-
chrone, PhD. Thesis, Université de Grenoble: FR, 2012.

[0091] According to one embodiment, the EEG signals are
filtered in at least one frequency band, preferably four
frequency bands, namely alpha, beta, theta and delta fre-
quency bands.

[0092] According to one embodiment, the signal X&
R "V is filtered in F frequency bands; thereby obtaining f=1
... F filtered signals XER <™. According to one embodi-
ment, the extended signal XER <™ is defined as the vertical
concatenation of the filtered signals:

[0093] According to one embodiment, the covariance
matrix is a spatiofrequential covariance matrix. In one
embodiment, the spatiofrequential covariance matrix M&
R 7" is computed as follows:

[0094] with N=CF where N is the number of samples in
the epoch for each electrode, and C the number of elec-
trodes. According to one embodiment, the spatio-frequential
covariance matrix can be normalized, as described hereafter,
by its trace or its determinant.
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[0095] According to one embodiment, the covariance
matrix is normalized. According to one embodiment, the
covariance matrix is trace-normalized, which makes its trace
equal to 1:

M M
" trace (M)’

[0096] According to one embodiment, the covariance
matrix is determinant-normalized, which makes its determi-
nant equal to 1:

M
der(M)VE

[0097] According to one embodiment, the EEG signals are
pre-processed. According to one embodiment, the EEG
signals are centered. According to one embodiment, the
EEG signals are resampled. According to one embodiment,
the EEG signals are filtered with a band-pass and/or a
band-stop filter. According to one embodiment, the EEG
signals are filtered with a band-pass and/or a band-stop filter.
According to one embodiment, the EEG signals are spatially
reconstructed over the international 10-20 system. Accord-
ing to the one embodiment the signals are re-referenced
using the common average reference (CAR).

[0098] According to one embodiment, after pre-process-
ing, an artefact rejection method is implemented; preferably
a Riemannian potato field.

[0099] The computer-implemented method of the inven-
tion comprises the step of obtaining at least one spectral
feature from EEG signals of a subject.

[0100] According to one embodiment, the at least one
spectral feature is selected from the spectral power density
for at least one frequency range for at least one electrode.
[0101] According to one embodiment, the at least one
frequency range is selected from alpha frequency range, beta
frequency range, delta frequency range, gamma frequency
range and theta frequency range.

[0102] According to one embodiment, the at least one
electrode is at least one electrode located according to the
international 10-20 system.

[0103] According to one embodiment, the at least one
spectral feature is selected from the spectral power density
for alpha frequency range for at least one electrode accord-
ing to the international 10-20 system, the spectral power
density for beta frequency range for at least one electrode
according to the international 10-20 system, the spectral
power density for delta frequency range for at least one
electrode according to the international 10-20 system, the
spectral power density for gamma frequency range for at
least one electrode according to the international 10-20
system and/or the spectral power density for theta frequency
range for at least one electrode according to the international
10-20 system.

[0104] According to one embodiment, the at least one
spectral feature is selected from at least one spectral power
density for alpha frequency range for at least one electrode
according to the international 10-20 system, at least one
spectral power density for beta frequency range for at least
one electrode according to the international 10-20 system, at
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least one spectral power density for delta frequency range
for at least one electrode according to the international 10-20
system, at least one spectral power density for gamma
frequency range for at least one electrode according to the
international 10-20 system and/or at least one spectral power
density for theta frequency range for at least one electrode
according to the international 10-20 system.
[0105] According to one embodiment, the at least one
spectral feature is selected from at least one spectral power
density for alpha frequency range for from 1 to 10 electrode
according to the international 10-20 system, at least one
spectral power density for beta frequency range for from 1
to 10 electrode according to the international 10-20 system,
at least one spectral power density for delta frequency range
for from 1 to 10 electrode according to the international
10-20 system, at least one spectral power density for gamma
frequency range for from 1 to 10 electrodes according to the
international 10-20 system and/or at least one spectral power
density for theta frequency range for from 1 to 10 electrodes
according to the international 10-20 system.
[0106] According to one embodiment, the at least one
spectral feature is selected from the spectral power densities
for alpha, beta, theta, gamma and/or delta frequency ranges
for electrodes Fpl; Fp2; F7; F3; Fz; F4; F8; T3; C3; Cz; C4;
T4; T5; P3; Pz; P4; T6; O1 and/or O2 according to the
international 10-20 system. According to one embodiment,
the at least one spectral comprises at least 60%, at least 50%,
at least 40%, at least 30%, at least 20% of the spectral power
densities for alpha, beta, theta, gamma and/or delta fre-
quency ranges for electrodes Fpl; Fp2; F7; F3; Fz; F4; F§;
T3; C3; Cz; C4; T4; T5; P3; Pz, P4, T6; O1 and/or O2
according to the international 10-20 system.
[0107] According to one embodiment, the at least one
spectral feature is selected from the spectral power densities
for alpha frequency range for Fp2, F7, C3, C4, P3 and O2
electrodes; the spectral power densities for theta frequency
range for Fp2, F3, F4, F8, Cz, T4, P4 and O1 electrodes, the
spectral power densities for beta frequency range for F3, F4,
T3, Cz, C4, T4, P3 and P4 electrodes, and the spectral power
densities for delta frequency range for F3, F§, Cz, P3, Pz, T6
and O2 electrodes.
[0108] According to one embodiment, the at least one
spectral features comprises the spectral power density for
alpha frequency range for Fp2 electrode; the spectral power
density for theta frequency range for P4 electrode and the
spectral power density for alpha frequency range for O2
electrode.
[0109] The computer-implemented method of the inven-
tion further comprises the step of obtaining at least one
Riemannian distance between a spatiofrequential covariance
matrix computed from the EEG signals of said subject and
at least one reference spatiofrequential covariance matrix.
[0110] Fach covariance matrix associated with a given
epoch is considered to be a point of a Riemannian manifold.
[0111] According to one embodiment, the Riemannian
distance between two covariance matrices A and B is defined
as the affine-invariant distance:

d(AB)Y=Z,_ " P (4,B)])"2, with A,(4,B) the eigen-

values from |h4-BI=0.

[0112] Inanother embodiment, the Riemannian distance is
computed using any other distances known by one skilled in

the art, such as those described in Li Y, Wong KM. Rieman-
nian Distances for Signal Classification by Power Spectral
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Density. IEEE Journal of selected topics in signal process-
ing, vol. 7, No. 4, August 2013.

[0113] According to one embodiment, the Riemannian
distances are estimated on the Riemannian manifold of
symmetric positive definite matrices of dimensions equal to
the dimensions of the covariance matrices.

[0114] According to one embodiment, the at least one
reference spatiofrequential covariance matrices are obtained
by a Riemannian clustering method from spatiofrequential
covariance matrices from a database.

[0115] According to one embodiment, the Riemannian
clustering method is selected from Mean-shift, k-means,
average or principal geodesic analysis (PGA).

[0116] According to one embodiment, the at least one
Riemannian distance of the predictive neuromarkers com-
prises the Riemannian distance between the spatiofrequen-
tial covariance matrix computed from the EEG signals of
said subject and at least one reference spatiofrequential
covariance matrix characteristics of a population of
Alzheimer subjects.

[0117] According to one embodiment, the at least one
Riemannian distance comprises:

[0118] the Riemannian distance between the spatioftre-
quential covariance matrix computed from the EEG
signals of said subject and at least one reference
spatiofrequential covariance matrix characteristics of a
population of Alzheimer subjects;

[0119] the Riemannian distance between the spatiofte-
quential covariance matrix computed from the EEG
signals of said subject and a reference spatiofrequential
covariance matrix characteristics a control population
which does not suffer from Alzheimer’s disease or mild
cognitive impairment; and

[0120] the Riemannian distance the spatiofrequential
covariance matrix computed from the EEG signals of
said subject and at least one reference spatiofrequential
covariance matrix characteristics of a population of
mild cognitive impairment subjects.

[0121] According to one embodiment, the at least one
reference spatiofrequential covariance matrix characteristics
of a population of Alzheimer subjects, the at least one
reference spatiofrequential covariance matrix characteristics
of a control population and/or the at least one reference
spatiofrequential covariance matrix characteristics of a
population of mild cognitive impairment subjects is
obtained by a Riemannian clustering method from spatiof-
requential covariance matrices of EEG signals of respec-
tively a population of Alzheimer subjects, a control popu-
lation and/or a population of mild cognitive impairment
subjects.

[0122] The metric used for covariance matrices has been
detailed in Forstner W, Moonen B. A metric for covariance
matrices. Quo vadis geodesia, pp. 113-128, 1999.

[0123] According to one embodiment, the predictive neu-
romarkers further comprises the signal complexity and/or
metrics derived from information theory.

[0124] According to one embodiment, the predictive neu-
romarker is combined with biomarkers; especially biomark-
ers derived from cerebrospinal fluid (CSF), blood samples,
or medical imaging techniques such as positron emitting
tomography (PET) scan, magnetic resonance imagery
(MRI), computed tomography (CT) scan, retina scan, or any
other diagnosis tool.
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[0125] Combining the predictive neuromarkers with other
metric would typically increase the specificity, the sensitiv-
ity, or reduce the cost of the prediction by replacing more
expensive measurements by EEG with no loss in predictive
power.

[0126] According to one embodiment, the predictive neu-
romarkers are selected using a machine learning algorithm
that classifies the subjects from the combination of features
(spectral, complexity, information theory, and Riemannian)
Said machine learning algorithm enables selection of pre-
dictive neuromarkers.

[0127] According to one embodiment, the selection is
performed using a regularized linear model, such as a least
absolute shrinkage and selection operator (LASSO) general
linear model. According to another embodiment, the selec-
tion is performed using random forests, support vector
machines or neural networks.

[0128] According to one embodiment, the classification is
performed using any machine learning algorithm known to
one skilled in the art.

[0129] The computer-implemented method of the inven-
tion further comprises the step of combining said at least one
spectral feature and said at least one Riemannian distance in
a mathematical function.

[0130] According to one embodiment, the mathematic
function is a logistic function, preferably computed as
follows:

1

xeAD = Tremp—(Tw+ o)
plx € AD|w, wy) [ +exp(—(xTw+wp))’

[0131] wherein x is a vector of the features (including
spectral or Riemannian), w is the vector of the model
coefficients and w,, is a bias term. The range of this logistic
function is real open interval between 0 and 1 used as a
score.

[0132] According to one embodiment, the model coefli-
cients are obtained using the machine learning algorithm as
described hereabove.

[0133] The present invention also relates to a data pro-
cessing apparatus comprising means for carrying out the
steps of the method of the invention. The present invention
also relates to a computer program product comprising
instructions which, when the program is executed by a
computer, cause the computer to carry out the steps of the
method of the invention. Moreover, the present invention
relates to a computer-readable storage medium comprising
instructions which, when executed by a computer, cause the
computer to carry out the steps of the method of the
invention.

[0134] The present invention also relates to a non-invasive
method of diagnosing the presence of Alzheimer’s disease in
a subject, comprising:

[0135] computing the predictive neuromarkers of
Alzheimer’s disease from EEG signals of said subject
according to the present invention; and

[0136] combining said predictive neuromarkers in a
mathematic function to obtain a score useful for diag-
nosing the presence of Alzheimer’s disease in said
subject.

[0137] According to one embodiment, the non-invasive
method of diagnosing the presence of Alzheimer’s disease in
a subject further comprises the step of diagnosing the
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presence or absence of Alzheimer’s disease in said subject if
the score is respectively below of above a diagnostic cut-off.
[0138] According to one embodiment, the mathematic
function is a logistic function, preferably computed as
follows:

1

x€AD|w, =,
plx € AD [, wo) 1 +exp(-=(xTw +wp))

[0139] wherein x is a vector of the features (including
spectral or Riemannian), w is the vector of the model
coeflicients and w,, is a bias term. The range of this logistic
function is real open interval between 0 and 1 used as a
score.
[0140] According to one embodiment, the model coeffi-
cients are obtained using the machine learning algorithm as
described hereabove.
[0141] According to one embodiment, the score is com-
bined with other biomarkers.
[0142] Combining the EEG derive score with other bio-
markers would typically increase the specificity, the sensi-
tivity, or reduce the cost of the prediction by replacing more
expensive measurements by EEG with no loss in predictive
power.
[0143] In one embodiment, the method of the invention is
computer implemented.
[0144] Thus the invention also relates to a microprocessor
to implement a non-invasive method for diagnosing AD in
a subject as described hereinabove.
[0145] The present invention also relates to a method for
self-paced modulation of EEG signals of a subject in order
to alleviate symptoms of AD, said method comprising
continuously:
[0146] acquiring EEG signals from the subject; and
[0147] computing the predictive neuromarkers of
Alzheimer’s disease from EEG signals of said subject
according to the present invention;
[0148] computing a score from the predictive neuro-
marker; and
[0149] reporting in real time to the subject the score.
[0150] According to one embodiment, the score is com-
puted as described hereabove by combining the predictive
neuromarkers in a mathematic function, preferably a logistic
regression.
[0151] By reporting in real time to the subject a score, the
subject is able to control the brain electrical activity such
that the score can be manipulated by the subject in real time.
[0152] According to one embodiment, instructions are
given to the subject during the session of self-paced modu-
lation; said instructions includes, but are not limited to,
relax, breathe normally, remain quiet, avoid eye movement,
avoid muscle tension, avoid sucking movements, avoid
chewing, or avoid any movement.
[0153] According to one embodiment, no instructions are
given to the subject during the session of self-paced modu-
lation.
[0154] The present invention also relates a method for
external modulation of EEG signals of a subject in order to
alleviate symptoms of AD, said method comprising:
[0155] acquiring EEG signals from the subject;
[0156] computing the predictive neuromarkers of
Alzheimer’s disease from EEG signals of said subject
according to the present invention; and
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[0157] reporting in real time to an operator a score
obtained by the method according to the present inven-
tion;

[0158] applying external modulation to the subject in

order to modulate the score.

[0159] According to one embodiment, the score is com-
puted as described hereabove by combining the predictive
neuromarkers in a mathematic function, preferably a logistic
regression.

[0160] According to one embodiment, the method for
external modulation of EEG signals of a subject is not
therapeutic.

[0161] According to one embodiment, the external modu-
lation is applied by indirect brain stimulation, deep brain
stimulation (DBS), electroconvulsive therapy (ECT), mag-
netic seizure therapy (MST), transcranial direct current
stimulation (tDCS), transcranial magnetic stimulation
(TMS), repetitive transcranial magnetic stimulation (rTMS)
or Vagus nerve stimulation (VNS). According to one
embodiment, the external modulation comprises indirect
brain stimulation such as any sensory stimulation (auditory,
visual, somatosensory).

[0162] The present invention also relates a system for
self-paced modulation or external modulation of EEG sig-
nals of a subject comprising:

[0163] acquisition means for acquiring EEG signals
from a subject;

[0164] computing device for computing the predictive
neuromarkers of Alzheimer’s disease from EEG signals
of said subject according to the present invention and
for computing a score from the predictive neuromark-
ers; and

[0165] output means for reporting the score to the
subject using a metaphor.

[0166] According to one embodiment, the acquisition
means comprises any means known by one skilled in the art
enabling acquisition (i.e. capture, record and/or transmis-
sion) of EEG signals as defined in the present invention,
preferably electrodes or headset as explained hereabove.
According to one embodiment, the acquisition means com-
prises an amplifier unit for magnifying and/or converting the
EEG signals from analog to digital format.

[0167] According to one embodiment, the computing
device comprises a processor and a software program. The
processor receives digitalized EEG signals and processes the
digitalized EEG signals under the instructions of the soft-
ware program to compute the score. According to one
embodiment, the computing device comprises memory.
According to one embodiment, the computing device com-
prises a network connection enabling remote implementa-
tion of the method according to the present invention.
According to one embodiment, EEG signals are communi-
cated to the computing device. According to one embodi-
ment, the output means receives the score from the com-
puting device.

[0168] According to one embodiment, the output means
comprise any means for reported the score. According to one
embodiment, the score is reported using anyone of the
senses of the subject: visual means, auditory means, olfac-
tory means, tactile means (e.g. vibratory or haptic feedback)
and/or gustatory means. Preferably the score is reported
using a display such as a screen: a smartphone, a computer
monitor or a television; or a head-mounted display.
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[0169] According to one embodiment, especially in the
case of self-paced modulation, the reporting of the score
enables the subject to be aware of the right direction of the
training. According to one embodiment, the reporting of the
score comprises a visual reporting wherein a target, repre-
senting the real-time score of the subject, is displayed, said
target moving towards or away from a location representing
a target score defined for instance by a non-AD state.
[0170] According to one embodiment wherein the score is
reported using auditory means, a sound, the amplitude of
which is directly modulated by said score, is reported to the
subject. The sound can be a simple beep, water flowing,
waves, rain, dongs, or any other sound which can be
modulated in amplitude or frequency.

[0171]  According to one embodiment wherein the score is
reported using visual means, an object on the screen, which
position, size, color, or any other parameters can be modu-
lated by said score, is reported to the subject. For instance it
can be the representation of a plane, the altitude of which is
modulated by the score.

[0172] The present invention also relates to a method for
monitoring a patient, wherein said method comprises imple-
menting at time intervals the non-invasive method of the
invention, thereby assessing the evolution of said patient by
comparing the values of the scores obtained at time intervals
by the patient.

[0173] The present invention also relates to a tool for
helping in medical decisions regarding a patient suffering
from AD, wherein said method comprises (i) implementing
the non-invasive method of the invention and (ii) selecting
in a database pharmaceutical compositions which could be
suitable for the patient according to the value of the score
obtained by the patient.

[0174] In one embodiment, the method of the invention is
implemented before the administration of a treatment to a
patient and at least once during or after the administration of
a treatment to said patient. In another embodiment, the
method of the invention is implemented before the admin-
istration of a treatment to a patient and at regular time
intervals during the administration of a treatment to said
patient. Said embodiments enable to follow the efficacy of a
treatment or to improve its design during a development or
clinical research phase or for its titration during home
delivery.

[0175] While various embodiments have been described,
the detailed description is not to be construed as being
limited hereto. Various modifications can be made to the
embodiments by those skilled in the art without departing
from the true spirit and scope of the disclosure as defined by
the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[0176] FIG. 1 illustrates a spatiofrequential covariance
matrix in the frequency bands alpha, beta, theta and delta.
[0177] FIG. 2 illustrates the location of selected variables
(electrodes) for every frequency range.

[0178] FIG. 3 illustrates ROC curves and optimal cutoff
point of models for each database fold.

EXAMPLES

[0179] The present invention is further illustrated by the
following study.
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[0180] Database

[0181] Study was conducted on international independent
dataset, collected in AD, MCI, and control subjects. All
signals were acquired under eyes closed (EC) condition. The
input data is highly heterogeneous in terms of protocol,
number of channels, and sampling rate, as detailed in Table
1 hereafter. Patients in different groups were not necessarily
age or gender matched.

TABLE 1

Description of different databases used for the study

Number Sampling

of EEG Signal rate

Location/database Subjects  channels length (Hz)

Europe—Country 1 22 MCI 64 20 sec 500
31 Control

Asia—Country 1 22 MCI 21 20 sec 200

23 AD

38 Control

Europe—Country 2 5AD 19 20 sec 128
5 Control

Europe—Country 3 8 AD 22 10-20 sec 512
3 Control

Asia—Country 2 70 AD 30 4 sec 1000

America—Country 1 57 Control 19 5 min 250

Oceania—Country 1 30 Control 19 10 min 250

[0182] Neuromarkers Identification

[0183] The main steps necessary to extract relevant neu-

romarkers are:

[0184] Standardization of the database whenever nec-
essary in order to cancel out heterogeneity in data
collection process (sampling rate, electrode number
and location);

[0185] Optional correction or removal of known arti-
facts; in particular, specific artifacts that are well char-
acterized and can be corrected (e.g. eye blinks);

[0186] Detection of remaining artefacts in order to
discard parts of the signal that are not prone to signal
analysis;

[0187] Extraction of features from EEG time series,
which can be spectral, Riemannian, complexity, topo-
logical, information driven amongst other;

[0188] Modeling using machine learning technique to
relate the features to the outcome using adequate cross-
validation procedure.

[0189] Pre-Processing
[0190] As presented in the previous section, this study was
based on the analysis of heterogeneous datasets, using
different hardware settings, electrode placement, sampling
rate and signal length. In order to homogenize all the
databases and to allow a comparison between the different
datasets, several pre-processing steps are applied:

[0191] 1. First, EEGs signals were resampled at 128 Hz, in
order to define a common temporal reference;

[0192] 2. Second, signals were filtered with a band-pass
filter in the frequency range 1-45 Hz and band-stop
(notch) filtered in the frequency range 48-52 Hz or 58-62
Hz using 4th-order Butterworth filters in order to remove
the noise induced by electrical power lines. These last
notch filters were chosen depending on geographical
location,

[0193] 3. Finally, a common average referencing and
spatial reconstruction was performed using a 4th-order
spline. These transformations define a common spatial
reference, which facilitates the comparisons between sig-
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nals acquired with different headset on different elec-

trodes location. The spatial reference for this work was

the following set of electrodes in the International 10-20

system: Fpl, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4,

T5, P3, Pz, P4, T6, O1, O2.

[0194] Any clinical or research grade EEG database can
conveniently be normalized using the aforementioned pro-
cedure.

[0195] Artefact Rejection

[0196] After pre-processing, clean EEG data was modeled
with a multidimensional Riemannian geometry model
named: “Riemannian potato field”, according to the follow-
ing procedure:

[0197] Signals were band filtered using a bank of Sth-
order Butterworth filters in five frequency bands: 2-6.5
Hz, 12-25 Hz, 25-34 Hz, 34-45 Hz, and 45-60 Hz;

[0198] Then, signals were segmented into overlapping
epochs of 2 seconds every 250 ms, and represented by
their spatial covariance matrix C;

[0199] Covariance matrices were then aggregated into a
single averaged matrix per subject C, which was
assumed to represent a clean signal. The average matrix
was calculated as a geometric mean in a Riemannian
manifold;

[0200] Riemannian distances d,(C,C) between the
covariance matrix C of each epoch and the subject-wise
average C was computed;

[0201] For each recording, the distribution of distances
was normalized and a metric of statistical significance
was chosen to reject artefactual epochs. In particular,
epochs whose covariance matrix had a z-score larger
than 3 were rejected, e.g. when the difference between
the observed distance and the mean distance is larger
than three times the standard deviation.

[0202] After pre-processing and artifact rejection, signals
are processed to extract two sets of features: geometric (i.e.
Riemannian) distances to reference matrices and spectral
densities.

[0203] Feature Extraction
[0204] Riemannian Distances
[0205] The Riemannian distances were defined as the

distance (on Riemannian geometry) between a covariance
matrix and another reference covariance matrix. It is pos-
sible to use several reference matrices. In this study, three
reference covariance matrices were used, one for each group
(AD, MCI, control), resulting in three neuromarkers.

[0206] The procedure to calculate these neuromarkers is
the following:
[0207] 1. Signals cleared from artefactual epochs were

filtered with a bank of Sth-order Butterworth filters in four
frequency ranges: delta (1-3 Hz), theta (3-6.5 Hz), alpha
(6.5-12 Hz), beta (12-30 Hz), and then segmented in 2
second long epochs every 250 ms. These frequency bands
were chosen in consideration of reported general slowing
of EEG rhythms in elderlies. The result of this step is a
spatio-frequential signal of 76 channels, corresponding to
the number of electrodes (19) multiplied by the number of
frequency bands (4);

[0208] 2. For each epoch, a covariance matrix is calcu-
lated, normalized by its determinant. Indeed, covariance
matrices from different hardware settings can be very
different and must be normalized to a common space. An
example of such covariance matrix is illustrated in FIG. 1;
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[0209] 3. Covariance matrices of each epoch are combined
using a subject-wise geometric mean (in the Riemannian
manifold), resulting in one average covariance matrix per
subject;

[0210] 4. For each reference group, the matrices of all
subject of said group are combined using a geometric
mean (in the Riemannian manifold), resulting in one
reference covariance matrix. Other Riemannian clustering
methods that combine several covariance matrices into
one reference matrix can be used as well, such as mean-
shift, k-means or principal geodesic analysis;

[0211] 5. For each epoch, the Riemannian distance (in the
Riemannian manifold) is calculated between the covari-
ance matrix of said epoch and each of the reference
covariance matrices. This results in one value per epoch
and reference matrix. These values are aggregated per
subject using a geometric mean (in the Euclidean space),
reducing the result to one value per reference matrix.

[0212] Spectral Densities

[0213] Spectral densities were extracted from the spectral

densities of each EEG channel in several frequency bands.

[0214] To calculate these neuromarkers, the procedure is
the following:
[0215] 1. The power of signals cleared from artefactual

epochs are calculated using Welch’s method, using 2
seconds long epochs with 250 ms of overlap. This classic
method estimates the signal power for each frequency of
the Fourier representation of the epoched signal. There-
fore, this step results in a vector of values per electrode
and subject;

[0216] 2. The powers estimated in the previous section are
averaged across the frequencies of four ranges: delta (1-3
Hz), theta (3-6.5 Hz), alpha (6.5-12 Hz), and beta (12-30
Hz). This results in one average value per electrode and
frequency band.

[0217] Multivariate Analysis and Feature Selection

[0218] For this study, a total of 76 spectral densities (from

19 electrodes multiplied by 4 frequency bands) and 3

Riemannian distances (from 3 reference groups) were

extracted, totaling 79 features. A logarithm function was

applied to all features and then standardized by removing the
mean and scaling by their variance.

[0219] A machine learning algorithm was employed to

create a model that classifies the subject’s class from the

combination of 79 features. The model used was a least
absolute shrinkage and selection operator (LASSO) general
linear model with cross-validation. Such combination is

achieved by means of a regularized linear model and is a

mere illustration of the modeling technique that can be used.

[0220] The LASSO model computes the probability of a

subject to belong to a class (e.g. the probability of a subject

to have AD) as the following logistic function:

1

Plr € AD W, wo) = T e )

[0221] where x is a vector of the normalized neuromarkers
of a subject. The model coeflicients are represented by the
vector w and a bias term w,. The range of this logistic
function is real open interval between 0 and 1. Therefore, to
classify a subject as Alzheimer’s disease, a threshold value
can be inferred from the prediction distribution (subject to
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optimization). Thus, when the estimated probability is over
said threshold, the subject is considered to have Alzheimer’s
disease.

[0222] For the case of LASSO models, the estimation of
the model coeflicients (i.e. model fitting, or model training)
is performed by solving the minimization problem:

min Allell, + > Toglexp(=yi(X]w+ wo)+ 1),
"0 =1

[0223] where X is a matrix of all neuromarkers for each
subject, and vy is the class of each observation (for this
particular representation of the minimization problem, y=1
is used for AD, y=-1 for control; MCI patients are not
included in the training phase). Regularized models such as
LASSO, are characterized by its regularization parameter
lambda (A), which must be calibrated, as it prevents over-
fitting and permits feature selection.

[0224] For the multivariate analysis of this work, the

LASSO model was employed as follows:

[0225] 1. First, the regularization parameter A was cali-
brated using a standard leave-one-out (LOO) cross vali-
dation procedure:

[0226] 1. A fixed range of A values is defined;

[0227] ii. For each A, the model is trained using all data
(i.e. the neuromarkers from each subject) with the
exception of one subject;

[0228] iii. The prediction error is measured on the
removed subject;

[0229] iv. The previous two steps are repeated for all
subjects and the mean error is calculated for each A;

[0230] v. The optimal A is then used for all future model
estimations;

[0231] 2. Once the A parameter is fixed, the model is
trained again with a selected subset or all subjects. Due to
the regularization of the LASSO model, the trained model
will have a only a subset of coefficients with non-zero
values. Since each coeflicient corresponds to one input
feature, a non-zero coefficient indicates a selected feature
for the model and it represents some important informa-
tion needed to discriminate a subject from one class or
another;

[0232] 3. With a subset of features selected by the LASSO
model, it is possible to determine if each feature is
statistically significant. In other words, to estimate if the
selection and value of its coeflicient may be attributed to
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chance. In this study, a Wald’s test was used for this task,
giving a p-value for each coefficient. P-values under 0.05,
0.01 and 0.001 were considered as slightly significant,
significant and very significant, respectively. Significance
tests are not restricted to Wald’s test, as is not the only
statistical test that may be applied to identify significant
features. Other well-known techniques can be applied,
such as permutation tests, bootstrapping, or specific tests
related to the underlying model (in this case, significance
tests for LASSO—Lockhart R et al., 2014. A significance
test for the lasso. Annals of statistics, 42(2), p. 413).

[0233] Results of the Multivariate Analysis

[0234] Cross-validation of the LASSO model returned
values of A between 0.001 and 0.006, allowing for the
selection of 32 predictive variables out of 79 features. These
variables are displayed on topographic views in FIG. 2.

[0235] Theses variables are the following: the three
Riemannian distances and the spectral power densities for
alpha frequency range for Fp2, F7, C3, C4, P3 and O2
electrodes; the spectral power densities for theta frequency
range for Fp2, F3, F4, F8, Cz, T4, P4 and O1 electrodes, the
spectral power densities for beta frequency range for F3, F4,
T3, Cz, C4, T4, P3 and P4 electrodes, and the spectral power
densities for delta frequency range for F3, F8, Cz, P3, Pz, T6
and O2 electrodes.

[0236] Significance test results are also shown in FIG. 2
for spectral features (+: slightly significant, *: significant, **
or more: very significant). All three Riemannian distance
features were found to be very significant.

[0237] Importance of Geometric Distances for Neuro-
markers Modeling

[0238] The importance of Riemannian distances in the
prediction of Alzheimer’s disease was evidenced by the fact
that all three features were selected by the LASSO model,
and by their strong significance. Moreover, an improvement
of the model predictive performance was assessed by repeat-
ing the multivariate analysis with two additional models that
use a subset of the features: a model with only spectral
features and a model with only Riemannian distances fea-
tures. For each case, the model was trained with all the
subjects except the ones from one testing database, while the
mode] performance was evaluated by the AUROC of the
prediction of testing database subjects. Performance mea-
sures of the models with different feature set are summarized
in Table 2. For each database tested, the AUROC for the
model] that uses Riemannian distances and spectral features
is at least 5% better than models with less features.

TABLE 2

Comparison of model performances with different feature sets

Feature
set

Number
of
Training  Testing features
database  database selected Sensitivity Specificity Accuracy AUROC

Distances
and
Spectral
features

All All 32 95.09 95.19 99.17 99.169
All Asia— 31 76.32 78.69 80.21 80.206
except  Country 1
Asia—
Country 1
All Furope— 31 100.00 100.00 100.00  100.000
except  Country 3
Furope—

Country 3
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TABLE 2-continued
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Comparison of model performances with different feature sets

Number
of
Feature  Training  Testing  features
set database  database selected Sensitivity Specificity Accuracy AUROC
All Europe— 35 100.00 100.00 100.00  100.000
except  Country 2
Europe—
Country 2
Distances All All 3 90.80 86.30 92.64 92.638
features All Asia— 3 84.21 67.21 58.24 58.238
only except  Country 1
Asia-
Country 1
All Europe— 3 100.00 90.91 91.67 91.667
except  Country 3
Europe—
Country 3
All Europe— 3 60.00 60.00 60.00 60.000
except  Country 2
Furope-—
Country 2
Spectral All All 28 90.18 90.74 97.03 97.030
features All Asia— 27 73.68 72.13 74.71 74.714
only except  Country 1
Asia—
Country 1
All Europe— 26 100.00 100.00 100.00  100.000
except  Country 3
Burope—
Country 3
All Europe— 28 100.00 90.00 96.00 96.000
except  Country 2
Burope—
Country 2
[0239] Conclusion [0245] Assume a new subject whose condition regarding
[0240] The neuromarkers identification procedure Alzheimer’s disease is unknown. The following procedure

describes how a heterogeneous dataset of EEG signals was
processed in order to extract a set of 79 features for each
subject. Using a machine learning classification algorithm,
such as a regularized generalized linear model, it was
possible to select a subset of 32 features that can discrimi-
nate whether a subject has Alzheimer’s disease or not.
Statistical tests indicated that the neuromarkers related to
Riemannian distances are very significant, while several
(more than three) spectral density features were also sig-
nificant.

[0241]

[0242] Using a model that classifies the patient class from
a reduced set of neuromarkers, as presented in the Neuro-
markers identification section, a probability that a new
subject has Alzheimer’s disease is calculated. If this prob-
ability exceeds a diagnostic cut-off, the subject is considered
to have Alzheimer’s disease. In this section, it is explained
how a new subject can be diagnosed for Alzheimer’s disease
using a selection of EEG neuromarkers determined in the
multivariate analysis of the previous section.

[0243]

[0244] The pre-conditions for the diagnosis of a new
subject is that a model has been calculated from an EEG
database as explained in the previous section. Therefore, a
selection of neuromarkers with associated coefficients is
known.

Alzheimer’s Disease Diagnosis

Diagnosis of a New Subject

will determine its probability to be ill:

[0246] 1.Perform an EEG recording with an EEG headset,
typically for at least 1 minute of clinical or research grade
EEG under Eyes Closed condition;

[0247] 2. Artefact removal and artefact detection (f
required);
[0248] 3. EEG signals standardizations: This step needs to

transform the data to a spatial and temporal reference that
1s the same as the reference of the data used for the model;

[0249] 4. Extract features from pre-processed and artifact-
free EEG signals;

[0250] 5. Pass these extracted features down to the model
to calculate a probability estimate that indicates how
likely is this EEG segment to belong to that of a patient
with AD;

[0251] 6. At this point an additional step can be performed
to transform the probability into a binary response (ill or
healthy). Tt is necessary to set a threshold value that will
set the cutoff point of the model response. Therefore, if
the probability calculated by the model exceeds the
threshold value, the subject will be considered ill. Other-
wise, the subject is considered healthy.

[0252] The score or the binary decision can be used alone

or combined with other biomarkers for a variety of appli-

cations.

[0253] Model Generalization

[0254] An additional analysis was performed to determine

if the model structure used in this study can generalize and
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predict correctly new, unobserved subjects. This analysis is
not necessary for the diagnostic of a new subject, but is
presented here to prove the efficacy of the prediction pro-
cedure explained before. For this matter, a leave-one-out
cross-validation strategy was used, where a subset of the
data is purposely removed from the training procedure, in
order to simulate the use-case where new unobserved data is
to be evaluated.

[0255] The datasets presented in Table 1 were partitioned
three times, resulting in three folds. Each fold consists in a
different training and test sets, as shown in Table 3. Not all
databases are included as a test set since they do not present
enough patients to test both healthy and ill subjects.
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evaluated thresholds, an optimal cutoff point is selected as
the threshold with the highest sensitivity and specificity.

[0262] Model performance measures for each fold are
summarized in Table 4. As a reference, a model with all
subjects of all databases was also evaluated. To compare the
efficacy of the models of each fold, the area under the ROC
(AUROC) was used as a performance value (50% is the
worst classifier, 100% is a perfect classifier). ROC curves
are presented in FIG. 3. The AUROC of the model for each
fold reached high performances, between 80 and 100%. The
AUROC of the model with all data is 99%, with an optimal
cutoff 0f 0.37. In all cases, the specificity and sensitivity also
reached satisfactory values, of at least 76%.

TABLE 4

Cross-validated model performance for each fold

Number
Training  Testing of Optimal
database  Database subjects threshold Sensitivity Specificity Accuracy AUROC
All All 270 037 95.33 95.09 95.19 99.169
All except  Asia— 61 0.01 82.61 76.32 78.69 80.206
Asia—  Country 1
Country 1
All except Furope— 11 0.04 100.00 10000  100.00  100.000
Europe— Country 3
Country 3
All except Furope— 10 097 100.00 10000  100.00  100.000
Europe— Country 2
Country 2
TABLE 3 [0263] Conclusion
— . [0264] The diagnosis procedure describes how the model
Cross-validation folds details estimated in the neuromarkers identification section can be
Database 15 fold 7 fo1d 37 fold used to calculate a probability of a subject to have AD, and
to determine a clear yes-no diagnostic of AD when a
America—Country 1 Train Train Train threshold value that is fixed or optimized. Using different
Oceania—Country 1 Train Train Train artiti Ftraini d testing datab it ble t
Furope—Country 1 Train Train Train partitions of training and testing databases, it was possible to
Japan—Country 2 Train Train Train show that the diagnostic of AD subjects with a model based
Japan—Country 1 Train Train Test on EEG neuromarkers has a good predictive performance on
EMOPeiOHHg § TTrai? TTeﬁt ?a?ﬂ unobserved data.
urope—Coun es| rain Tain . . .
[0265] The diagnosis procedure is closely related to the
assessment of a patient’s condition: after an initial EEG
[0256] For each fold the following procedure was applied:  recording, the technique analyses the recording and gives a
[0257] 1. Neuromarkers are recalculated for the training score that indicates the probability a patient has to belong to

and testing set;

[0258] 2. The model is fitted as explained in the multi-
variate analysis section;

[0259] 3. The model is used to calculate the probability of
each subject in the training set to be in the AD class, as
explained in the previous section;

[0260] 4. Different threshold values between 0 and 1 are
tried. For each threshold value, a predicted class is
determined for each subject in the training test. Since the
real class of the subjects is known, correct predictions
(true positives and true negatives), incorrect predictions
(false positives and false negatives) and model perfor-
mance measures are calculated, including sensitivity
(probability of a positive test given that the patient is ill),
specificity (probability of a negative test given that the
patient is healthy) and accuracy (probability of true posi-
tive outcome and true negative outcome),

[0261] 5. Compute a ROC curve, which summarizes the
model performance as the threshold is varied. From all

a given diagnosis group (i.e. AD).
[0266]

[0267] The assessment technique presented in the previ-
ous sections can serve for the purpose of monitoring and also
provides neuromarkers for neurofeedback applications.

[0268] Monitoring of condition progression is used fol-
lowing a recording at the clinician or at home at given times;
in this case, the patient is equipped with a device composed
of an EEG (headset and signal amplifier) connected to a
computer that analyses the data and computes a score as
explained in the previous sections. Then it either stores it
and/or transmits it electronically for further analysis. Such
home-use scenario offers the advantage of not requiring the
intervention of a train specialist (for body fluid samples and
analysis) nor the use of expensive machinery (MRI, CT,
PET). The evolution of said predictive neuromarkers for the
progression of the disease could be used to follow the
efficacy of a treatment either to improve its design during a
development or clinical research phase or for its titration

Neuromarkers for Monitoring Applications
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during home delivery. Such treatment could be a drug, any
type of intervention presumed to affect the CNS, or any
neuromodulation technique delivered in the home or in the
clinic for instance such as transcranial direct current stimu-
lation (tDCS), repeated (or not) transcranial magnetic stimu-
lation (TMS), neurofeedback, transcranial ultrasound stimu-
lation, or electrocompulsive therapy (ECT). For instance, a
company evaluating a tDCS protocol for the treatment of
MCI patients could optimize the tDCS parameters (ampli-
tude, frequency, duty cycle) based on real time progression
of said neuromarkers.
[0269] Neuromarker for Therapeutic Neurofeedback
[0270] Neurofeedback is used by patients diagnosed with
AD. The subject is equipped with an EEG headset connected
to a signal amplifier connected to a computer running a
software that extracts the neuromarkers in real time after
adequate pre-processing of the data (including artefact cor-
rection and detection). The said neuromarkers is then incor-
porated in a serious game environment, which is modulated
in real time by the similarity with the subject’s instantaneous
EEG activity to that of a diseased patient—or in other term
how likely the instantaneous EEG activity of the patient is
to belong to the diseased group. The subject is instructed to
play game several times a week for a typical length of 30
minutes and is rewarded by how much he/she can bend
his/her EEG activity toward that of a normal population.
1-15. (canceled)
16. A computer-implemented method for computing a
neuromarker of Alzheimer’s disease comprising:
obtaining at least one spectral feature from EEG signals of
a subject;

obtaining at least one Riemannian distance between a
spatiofrequential covariance matrix computed from the
EEG signals of said subject and at least one reference
spatiofrequential covariance matrix; and

combining said at least one spectral feature and said at

least one Riemannian distance in a mathematical func-
tion.

17. The computer-implemented method according to
claim 16, wherein the at least one spectral feature is selected
from the spectral power densities for alpha, beta, theta,
gamma and delta frequency ranges for electrodes Fp1; Fp2;
F7, F3; Fz; F4, F8, T3, C3; Cz; C4; T4, T5; P3; Pz; P4; T6;
O1 and O2 according to the international 10-20 system.

18. The computer-implemented method according to
claim 16, wherein the at least one spectral feature is selected
from the spectral power densities for alpha frequency range
for Fp2, F7, C3, C4, P3 and O2 electrodes; the spectral
power densities for theta frequency range for Fp2, F3, F4,
F8, Cz, T4, P4 and Ol electrodes, the spectral power
densities for beta frequency range for F3, F4, T3, Cz, C4, T4,
P3 and P4 electrodes, and the spectral power densities for
delta frequency range for F3, F8, Cz, P3, Pz, T6 and O2
electrodes.

19. The computer-implemented method according to
claim 16, wherein the at least one spectral feature comprises
the spectral power density for alpha frequency range for Fp2
electrode; the spectral power density for theta frequency
range for P4 electrode and the spectral power density for
alpha frequency range for O2 electrode.

20. The computer-implemented method according to
claim 16, wherein the at least one Riemannian distance
comprises the Riemannian distance between the spatiofte-
quential covariance matrix computed from the EEG signals
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of said subject and at least one reference spatiofrequential
covariance matrix characteristics of a population of
Alzheimer subjects.
21. The computer-implemented method according to
claim 16, wherein the at least one Riemannian distance
comprises:
the Riemannian distance between the spatiofrequential
covariance matrix computed from the EEG signals of
said subject and at least one reference spatiofrequential
covariance matrix characteristics of a population of
Alzheimer subjects;

the Riemannian distance between the spatiofrequential
covariance matrix computed from the EEG signals of
said subject and a reference spatiofrequential covari-
ance matrix characteristics a control population which
does not suffer from Alzheimer’s disease or mild cog-
nitive impairment; and
the Riemannian distance the spatiofrequential covariance
matrix computed from the EEG signals of said subject
and at least one reference spatiofrequential covariance
matrix characteristics of a population of mild cognitive
impairment subjects.
22. The computer-implemented method according to
claim 20, wherein the at least one reference spatiofrequential
covariance matrix characteristics of a population of
Alzheimer subjects, the at least one reference spatiofrequen-
tial covariance matrix characteristics of a control population
and/or the at least one reference spatiofrequential covariance
matrix characteristics of a population of mild cognitive
impairment subjects is obtained by a Riemannian clustering
method from spatiofrequential covariance matrices of EEG
signals of respectively a population of Alzheimer subjects, a
control population and/or a population of mild cognitive
impairment subjects.
23. The computer-implemented method according to
claim 16, further comprising the step of obtaining at least
one biomarker of the subject before the step of combining
said at least one spectral feature, said at least one Rieman-
nian distance and said biomarker in a mathematical function.
24. The computer-implemented method according to
claim 16, wherein the mathematical function is a logistic
function.
25. A data processing apparatus comprising means for
carrying out the steps of the method for computing a
neuromarker of Alzheimer’s disease, said method compris-
ing:
obtaining at least one spectral feature from EEG signals of
a subject;

obtaining at least one Riemannian distance between a
spatiofrequential covariance matrix computed from the
EEG signals of said subject and at least one reference
spatiofrequential covariance matrix; and

combining said at least one spectral feature and said at

least one Riemannian distance in a mathematical func-
tion.

26. A computer program product comprising instructions
which, when the program is executed by a computer, cause
the computer to carry out the steps of the method of claim
16.

27. A non-transitory computer-readable storage medium
comprising instructions which, when executed by a com-
puter, cause the computer to carry out the steps of the
method of claim 16.
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28. A method for self-paced modulation of EEG signals of
a subject in order to alleviate symptoms of Alzheimer’s
disease, said method comprising continuously:
acquiring EEG signals from the subject;
computing the neuromarker of Alzheimer’s disease from
EEG signals of said subject according to the method of
claim 16; and
reporting the neuromarker to the subject.
29. A method for external modulation of EEG signals of
a subject in order to alleviate symptoms of Alzheimer’s
disease, said method comprising continuously:
acquiring EEG signals from the subject;
computing the neuromarker of Alzheimer’s disease from
EEG signals of said subject according to the method of
claim 16; and
applying external modulation to the subject in order to
modulate the neuromarker.
30. A system for self-paced modulation or external modu-
lation of EEG signals of a subject comprising;
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acquisition means for acquiring EEG signal from a sub-
ject;
computing device for computing the neuromarker of
Alzheimer’s disease from EEG signals of said subject
according to the method of claim 16; and
output means for reporting the neuromarker to the subject
using a metaphor.
31. The computer-implemented method according to
claim 24, wherein the logistic function is computed as
follows:

1

reAD = Trep-Wwem)
plx € AD|w, wp) L +exp(-(x"w+wp))’

wherein x is a vector of the spectral features or the Rieman-
nian distances, w is the vector of the coefficients and w, is
a bias term.
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