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(57) Abstract: A behavioral state of a brain is classified by automatically
selecting one or more sensors based on the signals received from each sensor
and one or more selection criteria using one or more processors, calculating
at least one measured value from the signal(s) of the selected sensor(s), clas-
sifying the behavioral state as: (a) an awake state whenever the measured
value(s) for the selected sensor(s) is lower than a first threshold value, (b) a
sleep state (N2) whenever the measured value(s) for the selected sensor(s)
is equal to or greater than the first threshold value and the measured value(s)
is not greater than a second threshold value, or (c) a slow wave sleep state
(N3) whenever the measured value(s) from the selected sensor(s) is greater
than the first threshold value and the measured value(s) is greater than the
second threshold value, and providing a notification of the classified behav-
ioral state.
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SYSTEM AND METHOD FOR CLASSIFYING AND MODULATING BRAIN
BEHAVIORAL STATES

CROSS-REFERENCE TO RELATED APPLICATIONS
[0001] None.

TECHNICAL FIELD OF THE INVENTION

[0002] The present invention relates in general to tracking human brain activity, and more

particularly, to a system and method for classifying and modulating brain behavioral states.

STATEMENT OF FEDERALLY FUNDED RESEARCH

[0003] None.

INCORPORATION-BY-REFERENCE OF MATERIALS FILED ON COMPACT DISC

[0004] None.

BACKGROUND OF THE INVENTION

[0005] Without limiting the scope of the invention, its background is described in connection
with human brain behavioral states that include stages of wakefulness and sleep.

[0006] An automated behavioral state classification can be beneficial for the next generation of
implantable brain stimulation devices, and would enable for example behavioral-state-
dependent seizure prediction (Cook et al. 2013; Brinkmann et al. 2015; Brinkmann et al. 2016;
Ramgopal et al. 2014), and electrical stimulation therapies (Bower et al. 2015; Lundstrom, B.N
et al. 2016; Salanova et al. 2015) in devices for treatment of drug resistant epilepsy, cognitive
disorders, and sleep disorders. Additional applications include brain stimulation for cognitive
and mood enhancement where it may be beneficial to deliver electrical stimulation in particular
brain states, or to adjust the stimulation therapy depending on brain state to improve cognition
or mood. Human scalp EEG is the cornerstone of sleep scoring (Rechtschaffen and Kales 1968)
and has been routinely used in clinical practice to score behavioral states into awake (AW),
drowsiness (N1), sleep (N2), and deep sleep (N3). Relatively little investigation has been done
in the feasibility of sleep staging using intracranial EEG (iEEG) recordings rather than scalp
EEG (Kelsey et al. 2012) (Pahwa et al. 2015) (Zempel et al. 2012). Implanted brain stimulation
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devices have intracranial electrodes for stimulation and recording, and therefore brain state
classification and tracking using iEEG is proposed here as a way to track brain activity.
Compared to others, Kremen et al. (2017) have directly investigated different brain structures
and the impact of tissue pathology, i.e. seizure onset zone (SOZ) or non-seizure onset zone
(NON-SOZ) on differentiation of awake (AW) and slow-wave sleep (N3), and described
classifiers using iEEG signals from one intracranial electrode to distinguish between AW and
N3. Yet, this approach was supervised and a priori knowledge of gold standard from scalp EEG

recording and iEEG training data was essential.

SUMMARY OF THE INVENTION

[0007] The present invention provides technology for automated wake (W), rapid eye
movement (REM), and non-REM and non-REM categories (NREM: N1, N2, N3 (including
microstates)) sleep classification using human EEG data recorded from locations other than
scalp, including subscalp, epidural and intracranial EEG. This technology provides a powerful
tool for implementation in next-generation implantable devices that can measure, track and
control brain behavioral states. An efficient, automated method for behavioral state
classification is needed for next generation implantable devices that have limited computational
power, memory, and electrode numbers. Applications include quantifying patient sleep patterns
and delivering behavioral state dependent modulation with electrical stimulation therapies for
neurological diseases, and optimizing brain states for neurologic and psychiatric health.

[0008] In one embodiment, a system for classifying a brain behavioral state comprises a sensor
and/or electrode interface, a user interface, a data storage or memory, and one or more
processors communicably coupled to the sensor and/or electrode interface, the user interface and
data storage or memory. The one or more processors: receive a signal from each of a plurality
of sensors via the sensor and/or electrode interface, automatically select one or more of the
sensors based on the signals received from each sensor and one or more selection criteria,
calculate at least one measured value from the signal(s) of the selected sensor(s), classify the
behavioral state as: (a) an awake state whenever the measured value(s) for the selected
sensor(s) is lower than a first threshold value, (b) a sleep state (N1 or N2) whenever the
measured value(s) for the selected sensor(s) is equal to or greater than the first threshold value
and the measured value(s) is not greater than a second threshold value, or (c) a slow wave sleep

state (N3) whenever the measured value(s) from the selected sensor(s) is greater than the first
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threshold value and the measured value(s) is greater than the second threshold value, and
provide a notification of the classified behavioral state to the user interface. Other aspects of the
invention are described in the detailed description and figures.

[0009] In another embodiment, a computerized method of classifying a behavioral state of a
brain comprises providing a plurality of sensors configured to detect an electrical activity of the
brain, and providing one or more processors communicably coupled to a user interface and the
plurality of sensors. A signal is received from each of the plurality of sensors, one or more of
the sensors are automatically selected based on the signals received from each sensor and one or
more selection criteria using the one or more processors, and at least one measured value is
calculated from the signal(s) of the selected sensor(s) using the one or more processors. The
behavioral state is classified as: (a) an awake state whenever the measured value(s) for the
selected sensor(s) is lower than a first threshold value, (b) a sleep state (N1 or N2) whenever the
measured value(s) for the selected sensor(s) is equal to or greater than the first threshold value
and the measured value(s) is not greater than a second threshold value, or (c) a slow wave sleep
state (N3) whenever the measured value(s) from the selected sensor(s) is greater than the first
threshold value and the measured value(s) is greater than the second threshold value. The
signals can also be optimized for classifying rapid eye movement (REM) sleep and a multitude
of sleep microstates (NJ; where J = 1, 2, 3 denotes the classically defined sleep states (N1, N2,
N3)and 1 =1, 2, 3, ..., m denotes the microstates within each of the classically defined sleep
states (N1, N2, N3). Thereafter, a notification of the classified behavioral state is provided to
the user interface. The interface algorithm can adjust electrical stimulation based on pre-
determined optimal brain state dependent stimulation protocols. Other aspects of the invention
are described in the detailed description and figures. Moreover, the method can be implemented
using a non-transitory computer readable medium that when executed causes the one or more

processors to perform the method.

BRIEF DESCRIPTION OF THE DRAWINGS

[0010] For a more complete understanding of the features and advantages of the present
invention, reference is now made to the detailed description of the invention along with the
accompanying figures and in which:

[0011] FIGURE 1 illustrates a block diagram of a system in accordance with one embodiment

of the present invention;
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[0012] FIGURE 2 illustrates a block diagram of various modules or functions in accordance
with one embodiment of the present invention;

[0013] FIGURE 3 is a flow chart of a method in accordance with one embodiment of the
present invention;

[0014] FIGURE 4 is a flow chart of a method in accordance with another embodiment of the
present invention;

[0015] FIGURE 5 is a graph showing results of an automated classification of AW, N2, N3 of a
patient using one night data in accordance with another embodiment of the present invention;
[0016] FIGURE 6 is a graph showing scaled absolute features used for an automated
classification of AW, N2, N3 of a patient using one night data;

[0017] FIGURE 7 is a flow chart of a method in accordance with another embodiment of the
present invention;

[0018] FIGURE 8 is a flow chart of a method in accordance with another embodiment of the
present invention;

[0019] FIGURE 9 is an illustration of a system that integrates an implanted device with brain
electrodes and preipheral nerve electrodes, or wearable sensors (e.g., watch) that provides both
sensing and electrical stimulation and couples this capability with a bi-directional connectivity
with a handheld device and cloud computing environment; and

[0020] FIGURE 10 is an illustration of how the system shown in FIGURE 9 can be used in an
application whereby measured signals from the brain and/or the peripheral system are analyzed
to determine brain state (e.g. physiological (wake/sleep) or pathological) and used as inputs into
a control-law application running on the implanted device (short latency stimulation =1), or the

hand-held, or in the cloud (long latency =2).
DETAILED DESCRIPTION OF THE INVENTION

[0021] While the making and using of various embodiments of the present invention are
discussed in detail below, it should be appreciated that the present invention provides many
applicable inventive concepts that can be embodied in a wide variety of specific contexts. The
specific embodiments discussed herein are merely illustrative of specific ways to make and use
the invention and do not delimit the scope of the invention.

[0022] To facilitate the understanding of this invention, a number of terms are defined below.

Terms defined herein have meanings as commonly understood by a person of ordinary skill in
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the areas relevant to the present invention. Terms such as an” and “the” are not intended
to refer to only a singular entity, but include the general class of which a specific example may
be used for illustration. The terminology herein is used to describe specific embodiments of the
invention, but their usage does not delimit the invention, except as outlined in the claims.

[0023] A role of an automated behavioral state classification can be beneficial for a next
generation of implantable brain stimulation devices. Here, a fully automated unsupervised
method to differentiate between awake (AW), sleep (N2), and slow wave sleep (N3)
classification using intracranial EEG (IEEG) is described. During testing, data from eight
patients undergoing evaluation for epilepsy surgery (age 40+11, 3 women) who underwent
intracranial depth electrode implantation for iIEEG monitoring were included. Spectral power
features (0.1 - 235Hz) spanning several frequency bands from a single electrode were used to
classify behavioral states of patients into AW, N2, and N3. Overall, classification accuracy of
94% with 94% sensitivity and 93% specificity across eight subjects using multiple spectral
power features from a single electrode was achieved. Classification performance of N3 stage
was significantly better (96%, sensitivity 97%, specificity 94%) than of N2 sleep phase (88%,
sensitivity 78%, specificity 97%). As a result, automated unsupervised classification of
behavior states based on iEEG data can be useful for future implantable devices for brain
monitoring and stimulation. The classification of N1 and REM using a similar approach is
feasible, but may require multiple electrode/sensor signals. Devices with limited computational
power, memory, and number of electrodes can benefit from minimalized and robust methods
such as the one described herein. The present invention can be used in applications quantifying
patient sleep patterns and behavioral state dependent seizure detection and prediction, and
electrical stimulation therapies.

[0024] The potential applications of automated behavioral state classification in next generation
implantable neuromodulation devices span many neurological and psychiatric diseases, and
diseases that have various patterns following sleep-wake cycles, including: epilepsy, cognition
disorders, movement disorders, sleep disorders, mood & behavioral disorders, neuropathy &
pain disorders, spasticity, complex regional pain syndrome, cancer pain, migraine, spinal cord
injury, gastric diseases, incontinence, pelvic floor disease and PVD. Accordingly, a system and
method for automated brain state classification (Wake, Drowsy, Non-REM {N1, N2, N3

(including microstates)} and REM sleep) using machine learning techniques applied to human
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EEG recorded from single or multiple scalp, subscalp, epidural, intracranial (subdural & depth)
electrodes is described herein.

[0025] An immediate application of automated behavioral state classification will be in
implantable epilepsy devices. This technology will make possible behavioral-state-dependent
seizure prediction (Cook et al. 2013, Ramgopal et al. 2014, Brinkmann et al. 2015 & 2016), and
adaptive electrical stimulation therapies guided by brain state (Bergey et al. 2015, Salanova et
al. 2015, Lundstrom et al. 2016). Selective stimulation during slow wave sleep to disrupt the
consolidation of epileptic engrams (Bower et al. 2015 & 2017), enhance normal memory
engrams (McGaugh JL 2000; Leminen et al., 2017; Papalmbros et al., 2017; Santostasi et al.,
2016), or disrupt negative memories common in post traumatic stress disorder will be possible
with behavioral state classification. In general, sleep and wake states can be modulated using
electrical stimulation, and overall sleep-wake dynamics can be fine tuned to meet desired, pre-
determined behavioral state patterns by tracking behavioral state and modulating via a control
algorithm that adjusts electrical stimulation in different brain regions. For example, sleep
quality, characteristics, and patterns can be improved to achieve clinical benefits for patients
with sleep disorders. In the substantial and most widely recognized sub-field of
neuromodulation and implantable brain devices, Deep Brain Stimulation which were first used
in Parkinson’s Disease, it has been shown that identification of sleep-wake cycles has
consequence for neuromodulation. (Eugster 2016, Sixel-Doring 2011). In addition, medical
devices with automated brain state classifiers can provide accurate sleep/wake staging to
quantify patient sleep duration and patterns as an objective biomarker of diseases effecting
sleep/wake architecture.

[0026] The inventors previously demonstrated Wake (AW) and slow-wave sleep (SWS)
changes using wide-bandwidth iEEG (0.1- 600 Hz) (Worrell 2012) and automated classification
of brain behavioral states (wake and slow-wave sleep (N2, N3)) using support vector machines
(SVM) classifiers in humans (Kremen 2017). There, spectral characteristics and patterns of
brain activity inside and outside of focal seizure-generating brain regions (i.e. SOZ and NON-
SOZ) in two distinct human behavioral states (wake and slow-wave sleep) were used to explore
the feasibility of automatically differentiating between AW and SWS behavioral states using

multiple frequency bands. It was demonstrated that a single iIEEG electrode can yield accurate
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automated classification of AW and SWS evaluated by the gold standard, polysomnography
(Iber et al. 2007).

[0027] Here, the present invention provides technology for automated wake (W), rapid eye
movement (REM), and non-REM (NREM: NI, N2, N3 (including microstates)) sleep
classification and sleep microstates using human EEG data recorded from locations other than
scalp, including subscalp, epidural and intracranial EEG. The local field potentials have been
shown to change discontinuously, exhibiting periods of quasi-stability on the order of 100 ma
before abruptly transitioning to another configuration (Lehmann et al., 1987). The periods of
quasi-stability have been termed “microstates”, and thought to arise from coordinated activity of
neural assemblies originating from large areas of the cortex. This technology provides a
powerful tool for implementation in next-generation implantable devices. An efficient,
automated method for behavioral state classification is needed for next generation implantable
devices that have limited computational power, memory, and electrode numbers. Applications
include quantifying patient sleep patterns and delivering behavioral state dependent modulation
with electrical stimulation therapies.

[0028] Now referring to FIGURE 1, a block diagram of a system 100 for classifying a
behavioral state of a brain in accordance with one embodiment of the present invention is
shown. The system 100 can include a sensor and/or electrode interface 102, a user interface
104, a data storage or memory 106, and one or more processors 108 communicably coupled to
the sensor and/or electrode interface 102, the user interface 104, and data storage or memory
106. The sensor/electrode interface 102 can be configured to receive and transmit signals to one
or more sensors, one or more electrodes, or both. The user interface 104 can be any component
or device in which information is transmitted to and/or received from the one or more
processors 108. In some embodiments, the user interface 104 can be a connector in which a
separate device can be attached, a network interface, a wireless transceiver, a display, a
keyboard, a keypad, etc. For example, an application running on a mobile device, such as a
phone, electronic tablet or computer, can wirelessly connect to and control/monitor the system
102 via the user interface 104. The system 102 can include a power supply 112 or connection to
a power source, such as an AC outlet. The user interface 104 or other component can be used to
communicably couple the one or more processors 108 to a remote control/monitoring device

114 and/or remote data storage 116. The power supply 112 may include batteries as a primary



10

15

20

25

30

WO 2019/136462 PCT/US2019/012740

8

power source or a back-up power source. Moreover, the system 102 can be fixed or portable.
For example, the system 112 can be provided in a minimized form for home monitoring in
which the data/notifications are stored in the data storage or memory 106 for later access by a
device connected to the user interface 104, or transmission to a remote control/monitoring
device 114 in real time, near-real time, or other time frame.

[0029] The one or more processors 108 receive a signal from each of a plurality of sensors 118
via the sensor and/or electrode interface 102. The sensors 118 are configured to detect an
electrical activity of the brain. In addition, the sensors 118 can be physically or wirelessly
connected to the sensor and/or electrode interface 102. The sensors 118 can be electrodes, such
as intracranial electrodes, epidural electrodes, sub-scalp electrodes, scalp electrodes, intracranial
or dermal laser sensors, electrodes placed on the body or limbs, interstitial blood glucose or
hormone sensors, other types of sensors or electrodes, or a combination thereof. Depending on
the embodiment, the sensors 118: (a) can have 10 um to 10 mm diameter contacts; (b) can
record single neurons, assemblies of neurons, or networks of neurons; and/or (¢) can record the
brain electrical activity over a wide dynamic range DC to 10,000 Hz. (Worrell et al. 2012; Stead
et al. 2010; Bower et al. 2015). Note that in some embodiments, the sensors 118 can perform
some signal processing and/or analog-to-digital conversion of the signals detected by the
sensors 118.

[0030] Thereafter, the one or more processors perform various functions or methods that are
used to classify the behavioral state of the brain. Non-limiting examples of such functions or
methods are shown in FIGURES 2, 3, 7 and 8, and described below. For example, in FIGURE
2, the sensor signals/data are received in block 202, the sensor signals/data are preprocessed in
block 204 (optional), one or more sensors are selected in block 206, and behavioral state
classification is performed in block 208. A user or other device can be used to configure the
system 100 in block 210. In addition, machine learning and/or supervision can be used to
configure, adjust, fine tune or otherwise operate the system in block 212. In one embodiment,
the one or more processors 108: (1) automatically select one or more of the sensors 118 based
on the signals received from each sensor 118 and one or more selection criteria, (2) calculate at
least one measured value from the signal(s) of the selected sensor(s) 118, (3) classify the
behavioral state as: (a) an awake state whenever the measured value(s) for the selected

sensor(s) is lower than a first threshold value, (b) a sleep state (N1 or N2) whenever the
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measured value(s) for the selected sensor(s) is equal to or greater than the first threshold value
and the measured value(s) is not greater than a second threshold value, or (c) a slow wave sleep
state (N3) whenever the measured value(s) from the selected sensor(s) is greater than the first
threshold value and the measured value(s) is greater than the second threshold value, and (4)
provide a notification of the classified behavioral state to the user interface 104. In some
embodiments, the one or more processors 108 can also classify the brain behavioral state as a
drowsy state (N1), a REM state, or a microstate within the drowsy state (N1), the sleep state
(N2) or the slow wave sleep state (N3), or a brain state characterized by abundant or excessive
pathological activity, or a brain state otherwise identified as representing an elevated probability
for occurrence of a seizure. The microstate can be identified by NJ; where J = 1, 2, 3 denotes
the classically defined sleep states (N1, N2, N3) and i =1, 2, 3, ..., m denotes the microstates
within each of the classically defined sleep states (N1, N2, N3). Moreover, the one or more
processors 108 can store the classified behavioral state in the data storage or memory 106,
provide an alert whenever the classified behavioral state is different than a previous classified
behavioral state, and/or automatically map one or more spatial and temporal patterns of the
classified behavioral state and one or more transitions between the classified behavioral states.

[0031] The one or more processors 108 can receive one or more configuration settings via the
user interface 104. In some embodiments, the configuration settings can be a manual or
automatic sensor selection, a preprocessing algorithm selection, a detection algorithm selection,
a feature selection (e.g., power spectral feature, time-domain feature, etc.), a clustering method
selection, or a thresholding rule selection. In some embodiments, the receiving, selecting,
calculating, classifying and providing steps are performed by the one or more processors 108
using an operational mode comprising: a fully automated and unsupervised mode (e.g., FIGURE
4); or a semi-automated mode; or an active learning mode - unsupervised first and supervised by
redefining clusters displayed to user (user can reassign each part of the data into different class
and retrain); or a supervised mode - fully supervised and trained by expert or trained on known
scalp electrophysiology data in parallel with any simultaneous data (e.g. intracranial, epidural,
subscalp, EEG, video recording, EMG, actigraphy, etc.); or other desired mode. Note that the
clustering method can be selected from any known or future developed clustering method used
in machine learning (e.g., K-NN, hierarchical trees, deep learning, neural networks, t-SNE,

isomap, Sammon mapping, linear embedding, unsupervised deep embedding, etc.). In some



10

15

20

25

30

WO 2019/136462 PCT/US2019/012740

10

embodiments, other features than described in these examples can be used or inferred
unsupervised from the data — e.g., by unsupervised feature learning or deep learning.
Depending on the configuration used, the behavioral state can be classified without a gold
standard scoring. The one or more processors 108 can also use training signal processing and a
machine learning system to identify one or more suitable sensor configurations for an automated
or semi-automated classification of the behavioral state. Moreover, the one or more processors
108 select target brain locations for the sensors from one or more of a cortex, hippocampus,
thalamus, brain stem, basal ganglia, subthalamic nucleus, globus pallidus or other movement
circuitry structures and muscles via EMG or ENG or actigraphy.

[0032] In some embodiments, the first threshold value comprises a first Delta power value (e.g.,
a median relative Delta, etc.) and the second threshold value comprises a second Delta power
value (e.g., a 40" percentile of the relative Delta, etc.). The one or more processors 108 can pre-
process the signals by: detecting an abnormal amplitude distortion in the signals; or detecting a
seizure or an abnormal electrophysiological condition using the signals; or detecting a high 60
or 50 Hz line interference in the signals; or other desired process. For example, the one or more
processors 108 can select or restrict a number of channels of the sensors 118, or a number of
power spectral features of the sensors 118. The one or more selection criteria can be: a power
spectral features extraction; or a clustering algorithm (e.g.,, K-NN, hierarchical trees, deep
learning, neural networks, t-SNE, isomap, Sammon mapping, linear embedding, unsupervised
deep embedding, etc.); or one or more measures of separability; or other desired criteria. For
example, the one or more selection criteria can be a K-NN clustering algorithm with Euclidean
distance measure where inter and intra-cluster distance are used as parameters for selection of
only one sensor. As will described below, only selecting one sensor can be beneficial and
effective.

[0033] In some embodiments, the one or more processors 108 can filter the signal(s) into a set
of frequency bands for each sensor, calculate an absolute power and a relative power for each of
the frequency bands for each sensor, such that automatically selecting the sensor(s) based on the
signal received from each sensor and one or more selection criteria comprises automatically
selecting the sensor(s) based on the absolute power and the relative power for each of the
frequency bands for each sensor. In one embodiment, the set of frequency bands can all be

within the range of 0.1 Hz to 235 Hz. For example, the set of frequency bands can comprise
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0.1-4 Hz, 4-8 Hz, 813 Hz, 13-30 Hz, 0.1-30 Hz, 30-55 Hz, 65-115 Hz, 125-175 Hz, and
185—235 Hz. In other embodiments, the frequency bands can be above 235 Hz (e.g., up to 600
Hz, greater than 600 Hz, etc.). Note that the one or more processors 108 can decimate all
frequency bands below 55 Hz prior to filtering the signal(s). The absolute power can be
calculated using the using Pyp, (s, €5, b, k) = %lev V(n)?[uV?], and the relative power can be

P 4ps(S.es,b,k)
218)=1 P aps(s.e5.b.k)

calculated using Pg,;(s, e, b, k) = [AU], where s is a subject number, e, is one

of the sensors, b is one of the frequency bands, £ is an epoch of data, NV is a number of data

points in each epoch, and V(n) is an unipolar voltage at a given discrete time n in uV.

[0034] In some embodiments, one or more electrodes 118 communicably coupled to the one or
more processors 108 via the sensor and/or electrode interface 102 can be used to provide an
electrical stimulation to the brain. These electrodes can be the same or different than the sensors
or electrodes used to detect the brain signals. The one or more processors 108 can select one or
more of the electrodes 118 to provide the electrical stimulation. Moreover, the electrical
stimulation can be provided in accordance with an electrical stimulation therapy. The one or
more processors 108 can modulate the classified behavioral state using the electrical
stimulation. An overall sleep-wake dynamic pattern can be fine tuned to meet a specified pre-
determined behavioral state pattern. In addition, the one or more processors 108 can drive the
classified behavioral state to a prescribed behavior state using the electrical stimulation. The
system may also include a remote device communicably coupled to the one or more processors
108, in which the one or more processors 108 transmit the classified behavioral state to the
remote device, and receive one or more control signals for the electrical stimulation from the
remote device. The remote device can be a handheld device, a cloud computing resource, a
computer or any other type of control or processing device.

[0035] Referring now to FIGURE 3, a flow chart of a method 300 for classifying the behavioral
state of the brain is shown in accordance with one embodiment of the present invention. A
plurality of sensors 118 configured to detect an electrical activity of the brain are provided in
block 302. One or more processors 108 communicably coupled to a user interface 104 and the
plurality of sensors 118 are provided in block 304. A signal is received from each of the
plurality of sensors 118 in block 306, one or more of the sensors 118 are automatically selected

based on the signals received from each sensor 118 and one or more selection criteria using the
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one or more processors 108 in block 308, and at least one measured value is calculated from the
signal(s) of the selected sensor(s) using the one or more processors 108 in block 310. The
behavioral state is classified in block 312 as: (a) an awake state whenever the measured
value(s) for the selected sensor(s) is lower than a first threshold value, (b) a sleep state (N1 or
N2) whenever the measured value(s) for the selected sensor(s) is equal to or greater than the
first threshold value and the measured value(s) is not greater than a second threshold value, or
(c) a slow wave sleep state (N3) whenever the measured value(s) from the selected sensor(s) is
greater than the first threshold value and the measured value(s) is greater than the second
threshold value. Thereafter, a notification of the classified behavioral state is provided to the
user interface 104 in block 314. The process is repeated (blocks 306-314) as necessary. Note
that the method 300 can be implemented using a non-transitory computer readable medium that
when executed causes the one or more processors to perform the method.

[0036] In some embodiments, the one or more processors 108 can also classify the brain
behavioral state as a drowsy state (N1), a REM state, or a microstate within the drowsy state
(N1), the sleep state (N2) or the slow wave sleep state (N3), or a brain state characterized by
abundant or excessive pathological activity, or a brain state otherwise identified as representing
an elevated probability for occurrence of a seizure. The microstate can be identified by NJ;
where J = 1, 2, 3 denotes the classically defined sleep states (N1, N2, N3)andi=1,2,3, ..., m
denotes the microstates within each of the classically defined sleep states (N1, N2, N3).
Moreover, the one or more processors 108 can store the classified behavioral state in the data
storage or memory 106, provide an alert whenever the classified behavioral state is different
than a previous classified behavioral state, and/or automatically map one or more spatial and
temporal patterns of the classified behavioral state and one or more transitions between the
classified behavioral states.

[0037] The one or more processors 108 can receive one or more configuration settings via the
user interface 104. In some embodiments, the configuration settings can be a manual or
automatic sensor selection, a preprocessing algorithm selection, a detection algorithm selection,
a feature selection, a clustering method selection (e.g., K-NN, hierarchical trees, deep learning,
neural networks, t-SNE, isomap, Sammon mapping, linear embedding, unsupervised deep
embedding, etc.), or a thresholding rule selection. In some embodiments, the receiving,

selecting, calculating, classifying and providing steps are performed by the one or more
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processors 108 using an operational mode comprising: a fully automated and unsupervised
mode (e.g., FIGURE 4); or a semi-automated mode; or an active learning mode - unsupervised
first and supervised by redefining clusters displayed to user (user can reassign each part of the
data into different class and retrain); or a supervised mode - fully supervised and trained by
expert or trained on known scalp electrophysiology data in parallel with any simultaneous data
(e.g. intracranial, epidural, subscalp, EEG, video recording, EMG, actigraphy, etc.); or other
desired mode. Depending on the configuration used, the behavioral state can be classified
without a gold standard scoring. The one or more processors 108 can also use training signal
processing and a machine learning system to identify one or more suitable sensor configurations
for an automated or semi-automated classification of the behavioral state. Moreover, the one or
more processors 108 select target brain locations for the sensors from one or more of a cortex,
hippocampus, thalamus, brain stem, basal ganglia, subthalamic nucleus, globus pallidus or other
movement circuitry structures and muscles via EMG or ENG or actigraphy.

[0038] In some embodiments, the first threshold value comprises a first Delta power value (e.g.,
a median relative Delta, etc.) and the second threshold value comprises a second Delta power
value (e.g., a 40" percentile of the relative Delta, etc.). The one or more processors 108 can pre-
process the signals by: detecting an abnormal amplitude distortion in the signals; or detecting a
seizure or an abnormal electrophysiological condition using the signals; or detecting a high 60
or 50 Hz line interference in the signals; or other desired process. For example, the one or more
processors 108 can select or restrict a number of channels of the sensors 118, or a number of
power spectral features of the sensors 118. The one or more selection criteria can be: a power
spectral features extraction; or a clustering algorithm (e.g.,, K-NN, hierarchical trees, deep
learning, neural networks, t-SNE, isomap, Sammon mapping, linear embedding, unsupervised
deep embedding, etc.); or one or more measures of separability; or other desired criteria. For
example, the one or more selection criteria can be a K-NN clustering algorithm with Euclidean
distance measure where inter and intra-cluster distance are used as parameters for selection of
only one sensor. As will described below, only selecting one sensor can be beneficial and
effective.

[0039] In some embodiments, the one or more processors 108 can filter the signal(s) into a set
of frequency bands for each sensor, calculate an absolute power and a relative power for each of

the frequency bands for each sensor, such that automatically selecting the sensor(s) based on the
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signal received from each sensor and one or more selection criteria comprises automatically
selecting the sensor(s) based on the absolute power and the relative power for each of the
frequency bands for each sensor. In one embodiment, the set of frequency bands can all be
within the range of 0.1 Hz to 235 Hz. For example, the set of frequency bands can comprise
0.1-4 Hz, 4-8 Hz, 813 Hz, 13-30 Hz, 0.1-30 Hz, 30-55 Hz, 65-115 Hz, 125-175 Hz, and
185—235 Hz. In other embodiments, the frequency bands can be above 235 Hz (e.g., up to 600
Hz, greater than 600 Hz, etc.). Note that the one or more processors 108 can decimate all

frequency bands below 55 Hz prior to filtering the signal(s). The absolute power can be

calculated using the using Pyp, (s, €5, b, k) = %lev V(n)?[uV?], and the relative power can be

PAbS(sleSlblk)
218)=1 P aps(s.es.b,k)

calculated using Pg,;(s, e, b, k) = [AU], where s is a subject number, e, is one

of the sensors, b is one of the frequency bands, £ is an epoch of data, NV is a number of data

points in each epoch, and V(n) is an unipolar voltage at a given discrete time n in uV.

[0040] In some embodiments, one or more electrodes 118 communicably coupled to the one or
more processors 108 via the sensor and/or electrode interface 102 can be used to provide an
electrical stimulation to the brain. These electrodes can be the same or different than the sensors
or electrodes used to detect the brain signals. The one or more processors 108 can select one or
more of the electrodes 118 to provide the electrical stimulation. Moreover, the electrical
stimulation can be provided in accordance with an electrical stimulation therapy. The classified
behavioral state can be modulated using the electrical stimulation. In addition, an overall sleep-
wake dynamic can be fine tuned to meet a specified pre-determined behavioral state pattern.
The electrical stimulation can be used to drive the classified behavioral state to a prescribed
behavior state. The classified behavioral state can also be transmitted to a remote device, and
one or more control signals for the electrical stimulation can be received from the remote
device. The remote device can be a handheld device, a cloud computing resource, a computer
or any other type of control or processing device.

[0041] Testing of the present invention and specific non-limiting examples thereof will now be
described to show that human behavioral states can be classified into AW, N2, and N3 without
any apriori knowledge and need for gold standard sleep scoring. Presented classification
method uses iIEEG (0.1 — 235 Hz) and fully automated unsupervised machine learning methods

(such as K-means or hierarchical tree clustering). The method was tested using intracranial and
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simultaneous scalp EEG recording in patients undergoing evaluation for epilepsy surgery. It
was demonstrated that using single iEEG channel can yield accurate automated classification of
AW, N2, and N3 sleep stages, and it was evaluated by the gold standard, polysomnography
(AASM rules 2012). Future implantable medical devices may benefit from accurate behavioral
staging in and automated quantification of patient sleep patterns that can enable administration
of behavioral-state-specific therapies. Particularly for epilepsy, such method can modulate
seizure detection and increase performance forecasting algorithms.

[0042] Data were recorded from patients with drug resistant epilepsy undergoing evaluation for
epilepsy surgery at Mayo Clinic Rochester, MN. The Mayo Clinic Institutional Review Board
approved the study. All subjects provided informed consent. The subjects underwent
intracranial electrode implantation as part of their clinical evaluation for epilepsy surgery when
non-invasive studies could not adequately localize the origin of seizure generation, i.e. seizure
onset zone (SOZ).

[0043] Data from eight subjects with medial temporal lobe focal epilepsy was analyzed
retrospectively. All subjects were implanted with intracranial depth electrodes, grids, and strips;
each depth electrode consisted of either 4 or 8 recording contacts, and all subjects had
simultaneous scalp EEG recordings for sleep scoring including eye and chin electrodes.

[0044] Depth electrode arrays (AD-Tech Medical Inc, Racine, WI) consisted of a 1.3 mm
diameter polyurethane shaft with Platinum/Iridium (Pt/Ir) clinical macroelectrode contacts. Each
contact was 2.3 mm long with 10 mm center-to-center spacing (surface area 9.4 mm2 and
impedance 200-500 Ohms). Anatomical localization of electrodes was achieved by co-
registering post-implant CT data and co-registered to the patient’s high-resolution MRI using a
normalized mutual information algorithm (SPMS8, Wellcome Trust Centre for Neuroimaging).
Electrode coordinates were then automatically labeled by using the SPM Anatomy toolbox, with
an estimated accuracy of 5 mm (Tzourio-Mazoyer et al. 2002).

[0045] Post-implant CT images were co-registered to the patient’s presurgical MRI. Illustrated
is an occipital approach implant of mesial temporal lobe with an 8 contact depth electrode along
the axis of the hippocampus in a patient with drug resistant epilepsy.

[0046] Neuralynx Cheetah electrophysiology system (Neuralynx Inc.) was used to acquire all
iEEG data. A common reference, a stainless steel scalp suture placed in the vertex region of the

scalp, was used midline between the international 10-20 Cz and Fz electrode positions. Data
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acquisition mode used a 9 kHz antialiasing analog filter, digitized at 32 kHz sampling rate,
filtered by low pass zero phase shift 1 kHz antialiasing filter and down sampled to SkHz.

[0047] The SOZ electrodes and times of seizure onset were determined by identifying the
electrodes with the earliest iIEEG seizure discharge. Seizure onset times and zones were
identified by visual review of iEEG recorded electrographic seizures, as described previously
(Worrell et al. 2004, Warren et al. 2010; Klimes et al. 2016).

[0048] EEG recordings from scalp were bandpass filtered between 0.3 and 75Hz, and 60Hz
notch filtered for scoring using third order linear phase Butterworth filters. Visual sleep scoring
was in accordance with standard methods (AASM 2012) by a neurologist board-certified in
sleep medicine (EKS) with modification for replacing the electrooculogram (EOG) recording
with FP1, FP2, and FPZ scalp electrodes. Standard length of epoch (30 seconds) with no
overlap was used for scoring (AASM 2012). Wakefulness was determined by the presence of
eye blinks visualized in frontal scalp leads, accompanied by posteriorly dominant alpha rhythms
(8 - 12 Hz) posteriorly, comprising >50% of the epoch. Slow-wave sleep (N3) was scored when
high-voltage (>75 uV), low frequency delta (0.5 - 2 Hz) activity on scalp EEG was present in at
least 20% of the epoch (i.e., at least 6 s within a 30 s epoch) in the frontal derivations using
conventional International 10-20 System electrode placements (FP1, FP2, FZ, F3, F4, CZ, C3,
C4, 01, 02, and Oz). A similar approach has been used in previous studies (Bower et al. 2015,
Klimes et al. 2016, Kremen et al. 2017).

[0049] Continuous scalp and iEEG from each patient were manually reviewed using a custom
MATLAB viewer (Brinkmann et al. 2009) prior automated analysis to account for channels and
time segments containing significant artifacts, epileptiform discharges or seizures, these were
not included in subsequent analysis.

[0050] All iEEG signals were filtered into eight frequency bands as follows: b = {0.1-4 Hz,4—8
Hz,8-13 Hz,13-30 Hz,0.1-30 Hz,30-55 Hz,65-115 Hz,125-175 Hz,185-235 Hz}. All iEEG
signals were filtered using 6th order bandpass Butterworth filters in a zero-phase filtering
approach. In all frequency bands below 55 Hz, signals were decimated before applying the
bandpass filter, to avoid filter instability. The relative spectral power in each frequency band
was calculated for all electrodes across all subjects for each 30 second epoch, directly
corresponding to the 30 second epochs sleep staged from scalp EEG. The absolute power was

calculated first as an epoch average absolute energy of filtered time series defined by equation
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1 N
Paon(s, 05,5, K) = 3 D V) [uV?]

where s = {1,..,8} is subject number, e, = {1,.., max,.,.g e} is given electrode, b = {1,..,8}
is frequency band, k = {1,..,x} is epoch of data, N is the number of data points in each 30
second epoch, and V(n) is the unipolar voltage at given discrete time n in uV. Subsequently, the

relative spectral power levels were calculated as follows:

Paps(s, €5, b, k)
Prei(s. €5, b, k) = A
ret (S, €5, b, k) ¥ Paps(s,es b, k)[ :

to assess the ratio of each band power to power of all frequency bands (0.1-235Hz). Note that

60 or 50 Hz line interference and its harmonics were avoided by band width selections of
individual bands. The only relative power in bands was used as input of classifiers.

[0051] Now referring to FIGURE 4, a flow chart of a method 400 for classifying the behavioral
state of the brain is shown in accordance with another embodiment of the present invention.
The method 400 is also referred to as the Behavioral State Classifier (BSC). Sleep scoring and
multi-channel iEEG data 402 are used in subsequent automated steps for feature extraction or
selection (if turned on). The single electrode assesed to yield in the best performance is selected
and used for classification and classifier uses features extracted from the selected electrode and
then supplied to inputs of hierarchical clustering methods that returns an AW, N2, and N3
classification. The user can select and restrict the number of channels, number of features, and
whether automated feature selection and electrode selection is used.

[0052] The top part 404 of Figure 4 shows its unsupervised method that was trained and tested
here in the study and it doesn’t require training on gold standard data for each patient. The
bottom part 406 of Figure 4 shows how another user input and/or a supervision and active
learning can be implemented if needed or if training data are being available. Here a day and
night of multichannel iEEG recording were used as an input of the method for each patient. The
method has several preprocessing steps 408 that can be used if configured, and that
automatically detect seizures and abnormal electrophysiology 410 (Baldassano 2017), 60 or 50
Hz line noise 412, abnormal amplitude segments (e.g., flat line artifacts, etc.) 414 and discards
them from further behavioral state analysis. Preprocessing steps 408 are followed by feature
extraction steps. Definition of features and their selection is optional and can be configured in
unsupervised version 404 and supervised version 406, and can be automatically adjust when

gold standard data are present. In the unsupervised version 404, user inputs and options 414 are
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used define and select features 416, such as electrode selection ON/OFF, preprocessing
algorithm selection, detections algorithms selection, features selection, clustering method
selection, thresholding rules selection, and/or other inputs/options. In the supervised version
406, multi-channel scalp EEG data 418 is processed using gold standard sleep scoring (AW, N1,
N2, N3, REM) 420 to define and select the features, and/or automated sleep scoring (AW, N2,
N3) 422 from the cascade classification is used to define and select the features. As indicated
by the dotted-lines, the defined and selected features are used to configure the pre-processing
steps 408, the electrode selection 426 and the cascade classification 428. Electrode selection
426 may include features extraction 430, K-means clustering (two clusters) 432, extract
measures of separability 434, electrode selection for classification 436, or other type of
selection. Cascade classification 428 classifies the behavior state as Awake 438 if the power in
the selected bands 440 is lower than a specified value, and as N2/N3 442 if it is higher.
Following the N2/N3 442 classification, the behavior state is classified as N3 444 if the relative
data is greater than a learned threshold 446, and as N2 446 if is not.

[0053] For this study, PIB features described above were used and the results are reported using
solely these features. Based on available number of electrodes, method will extract all PIB
features for each electrode and based on selected method of clustering and measures of
separability and the method selects automatically a best suitable electrode for classification. All
parameters in this step, such as methods of clustering, measures of separability, automated or
manual selection of electrodes can be reset or bypassed by user input parameters. For example,
user can hard reset the electrode or number of electrodes being used for classification. The
reported results were obtained using K-NN clustering algorithm with Euclidean distance
measure, where inter and intra-cluster distance are used as parameters for the automated
selection of only one electrode. In next steps, cascade classifiers are deployed to differentiate
first the AW from other behavioral states, and then state N2 from N3. Cascade classifiers use
thresholding rules to assign clusters to a correct class. The classifier rules can be again
redefined by user input or retrained by supervision and gold standard of sleep scoring if
available. Here, the reported results were obtained using thresholding based on Delta power in
first classifier to set cluster with lower mean Delta into AW. A sleep cluster then enters next
classification step that is differentiating between N2 and N3 using heuristically set threshold of

relative Delta band.
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[0054] Continuous day/night recording was used on all subjects in data set. Only those nights
with clean continuous recording were selected, no breaks in recording were present and no
serious recording artefact or seizures during that period occurred, 60Hz line interference noise
was allowed in data to account for real conditions. Data of one randomly selected patient were
used to validate heuristically suggested method and gently tune pre-processing steps and
thresholds of classifier. Data from all eight patients were then used to test method and generate
results.

[0055] Head to head comparison in each epoch was done to compare difference of gold
standard sleep scoring and outputs of the method to objectively evaluate classifier and generate
metrics of performance. Errors of classifier for each sleep stage were weighted based on the
frequency of occurrence of each sleep stage in given patient. Thus, weighted measures of
accuracy, sensitivity and specificity were generated for each sleep stage that was automatically
classified by the method. Average results were also generated across all stages.

[0056] In total, eight days and nights of EEG and iEEG recorded from 8 subjects (40£11) years
old, 3 females were analyzed. All patients selected for analysis had a medial temporal lobe
epilepsy. Half of patient exhibits all know behavioral sleep stages during monitoring period so
the analysis is done even including rapid eye movement (REM) sleep stages that our classifier is
not able to classify and thus are counted as errors.

[0057] Data of one patient was used to double-check and optimize parts of the method that were
originally set heuristically using a gold standard scoring rules such as thresholds of classifiers.
During optimization, these settings did not have to be changed so the data is reported on cohort
of whole 8 patients. In reported results, a fully unsupervised setting of the method was used
with automated selection of one electrode using all extracted PIB features for following
classification. Table 1 below shows overall performance of method on these data. The average
errors are actually weighted errors so they are not influenced by unbalanced problem and thus
biased by major class. In conclusion, more than 90% in each precision, sensitivity, and
specificity was achieved for each analyzed patient. Note that for all patients with REM sleep
stages, the average precision is lower and sensitivity and/or specificity is affected. Average

amount of REM sleep from analyzed data was ~6%.
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Table 1. Performance of the method across all behavioral states. Weighted accuracy
is shown to account for unbalanced data. Patient that exhibit REM sleep stages as
well are marked too.
Patient Number All classes [%o] Sensitivity [%] Specificity [%]
1 98 94 99
2 95 94 94
3 96 99 92
4 (REM) 92 92 91
5 (REM) 92 87 94
6 (REM) 92 96 90
7 97 98 96
8 (REM) 92 94 90
Average 94 94 93

[0058] Dissected performance of algorithm in sleep is shown in Table 2.

Classification

accuracy, sensitivity, and specificity are compared for N2 and N3 to show feasibility of such

classifier for analysis of sleep phases that is often of interest in neuroscience and neurology.

The method as tested, fails more in N2 sleep stage, while N3 has very good performance, high

specificity and method is stable across patients. Sensitivity of the tested settings of the method

in N2 phase is probably affected by misclassifying N2 as N1 or N3, while still retaining high

specificity. This translated means that automatically picked up N2 is from 97 % real N2 phase,

while for N3 it is 94%. Note that REM patients has similar performance in automated N2 and

N3 scoring. That is because PIB features in REM are very similar to PIB features in AW and

majority of REM is thus classified as AW.

Table 2. Performance of algorithm in N2 and N3 sleep phases only. Again, weighted accuracy is

accounting for class imbalance problem. Patients that exhibit REM sleep stages are marked.

Patient N3 Accuracy | Sensitivity | Specificity | N2 Accuracy | Sensitivity | Specificity
Number | [%] [Ve] [Ve] [Ve] [Ve] [Ve]

1 97 95 97 87 77 98

2 95 94 94 87 80 96
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3 96 99 92 87 78 95
4(REM |95 95 93 90 84 97
5(REM) |98 97 98 83 69 98
6 (REM) |94 95 93 89 83 95
7 98 99 96 89 81 98
8 (REM) |93 99 86 88 78 97
Average |96 97 94 88 78 97

[0059] For a demonstration, data of classification was selected from a night of patient one as
demonstration of classification (FIGURE 5) showing results of classification approximately
from 9PM to 7AM in the morning. It is fairly visible that for this patient the method fails to
classify transitions between gold standard sleep stages such as AW-N1-N2 that is by the design
of cascade classifier that only picks up AW/N2/N3. Also, transitions of N2-N3 and N3-N2 or
N2-AW are misclassified and classifier picks correct phase either little earlier or later. Stable
and middle parts of sleep stages are usually classified correctly even for faster changes in sleep
profile. Using FIGURE 6, a profile is shown of extracted features from the same night shown
on FIGURE 5, where there is noticeable change of low frequency feature (Delta) during deeper
phases of sleep (according to gold standard data), while higher frequencies are attenuated during
sleep and of higher power in awake for given analyses on electrode that was automatically
selected by the method. More specifically, each point in FIGURE 5 shows epoch classified and
compared to gold standard scoring. The green dots show correct classification, red dots show
epoch that were misclassified, while orange dots mark what should be a correct classification.
FIGURE 6 shows scaled absolute features used for an automated classification of AW, N2, N3
of patient number one using one night data from ~9PM to ~7AM using in FIGURE 4. Low
frequency features are scaled higher, while high frequency features stay low (known also as
Power low).

[0060] The foregoing testing investigated behavioral state classification (wake & N2, and slow
wave sleep) using intracranial EEG spectral power features in an unsupervised machine learning
method. The method automatically selects one electrodes from array of available electrodes
based on unsupervised score of the data and deploys cascade of classifiers using features

extracted from selected electrode to classify into AW, N2, and N3 stages. The approach
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achieved high accuracy (94%) and performance (sensitivity 94% and specificity 93%). The
results show that the method is significantly more specific to classify N2 (specificity 94%) and
N3 (specificity 97) stages. Future implantable devices for epilepsy may benefit from accurate
sleep/wake staging in order to quantify patient sleep patterns, give behavioral state specific
therapies, and adjust seizure forecasting classifiers.

[0061] FIGURE 7 is a flow chart of a method 700 in accordance with another embodiment of
the present invention. This method is an example of a fully automated unsupervised method for
electrophysiology sleep staging using subscalp, epidural or intracranial EEG data. A signal
from each of the plurality of sensors (mulit-channel iIEEG Data (Day/Night)) in block 702. A
single sensor (e.g., electrode) is selected in block 704 based on the signals received from each
sensor and one or more selection criteria using the one or more processor. The selection criteria
used in block 704 may include power spectral feature extraction 706, K-means clustering (two
clusters) 708, or best inter/intra-class correlation 710. At least one measured value from the
signal(s) of the selected sensor(s) using the one or more processors and is used to classify the
behavioral state in block 712. Cascade classification classifies the behavior state as Awake 714
if the measured value is lower than a median relative data 716, and as N2/N3 718 if the
measured value is higher than the median relative data 716. Following the N2/N3 718
classification, the behavior state is classified as N3 720 if the relative data is greater than the
40™ percentile 722, and as N2 724 if the relative data is less than or equal to the 40™ percentile
722.

[0062] FIGURE 8 is a flow chart of a method in accordance with another embodiment of the
present invention. This method is an example of a possible supervised version. Here iIEEG is
intracranial EEG data, but same approach applies to subscalp, epidural or intracranial EEG data.
More specifically, FIGURE 8 shows a training method 800 and an application of trained
classifier 850. In training 800, scalp EEG data 802 and multi-channel iEEG data 804 is
provided for manual sleep scoring (e.g., 10 min Awake, 10 min SWS) 806. Automated
classification 808 uses the score 810 and iEEG data 812 with channel constriction 814 for
feature extraction selection 816. Feature limitation or selection 818 can be on or off. The
resulting feature extraction selection 816 is cross-validated in block 820 and single lead
classifier selection is performed in block 822. The application of the trained classifier 850 uses

the selected classifier 852 to process the multi-channel iIEEG data 804. A single lead is selected
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as an input in block 854, feature vectors are calculated in block 856 and a support vector
machine 858 is used in block 858 to classify the behavior state as Awake or SWS 860.

[0063] The technology for brain state (behavioral state) determination and tracking described
above can be used to dynamically follow and modulate brain state using electrical stimulation.
As illustrated in FIGURES 9 and 10, the closed-loop system can modulate sleep and wake states
using electrical stimulation, and fine-tune overall sleep-wake dynamics to meet any desired, pre-
determined behavioral state patterns by tracking behavioral state and modulating via a control
algorithm. For example, sleep quality, characteristics, and patterns can be improved to achieve
clinical benefits for patients with sleep disorders.

[0064] The complete system can track behavioral state and this be used as an input into a
control algorithm that uses electrical stimulation to modulate sleep and wake states, and fine
tune overall sleep-wake dynamics to meet any desired, pre-determined behavioral state patterns.
By tracking behavioral state and modulating brain state via a control algorithm it is possible
drive the brain to the desired, prescribed brain state. For example, sleep quality, characteristics,
and patterns can be improved to achieve clinical benefits for patients with sleep disorders. The
control algorithm in this case would use behavioral state classifications determined from EEG or
other sensors as the input and electrical stimulation is used to modulate and drive the brain to
the prescribed state. This algorithm can run on the implanted device (for control algorithm with
low computational complexity and short latency response), on the handheld device, or even in
the cloud environment (for algorithms requiring more computational power & tolerating longer
latency response).

[0065] FIGURE 9 is an embodiment and application of proposed system that integrates an
implanted device 900 with brain electrodes and peripheral nerve electrodes 902 that provides
both sensing and electrical stimulation and couples this capability with a bi-directional
connectivity with a handheld device 904 and cloud computing environment 906.

[0066] FIGURE 10 is an illustration of how the system shown in FIGURE 9 can be used in an
application whereby measured signals from the brain and/or the peripheral system are analyzed
to determine brain state (e.g. physiological (wake/sleep) or pathological) an used as inputs into a
control-law application running on the implanted device (short latency stimulation = 1) 900, or

the hand-held 904, or in the cloud (long latency = 2) 906. The implanted device 900 enables
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electrical stimulations via sensors 902 to drive the measured activity to a predetermined brain
state.
[0067] The system for sensing can be a pluarity of implanted and wearable electrodes and
sensors that communicate and interface with a tablet, phone, implantable device or cloud
resource, or all of these integrated together creating a brain co-processor system (see for
example, Kremen, V., Brinkmann, B. H., Kim, 1., Guragain, H., Nasseri, M., Magee, A. L., . . .
Worrell, G. A. (2018). Integrating brain implants with local and distributed computing devices:
A next generation epilepsy management system. /EEE J Transl Eng Health Med, 6, 2500112.
doi:10.1109/JTEHM.2018.286939 )
[0068] There are many applications for an automated behavioral state classification system,
such as the present invention, that can be integrated with an implantable device and used to
control therapy delivery to specific brain behavioral states for modulating neuronal networks.
Below are a few example applications, but those skilled in neurological devices and
management of human health and disease will identify additional examples of brain state
specific therapy that is made possible with automated behavioral state classification. Examples
include:
* Sleep quality monitoring in health and disease. Example application is quantifying
sleep structure and duration using automated behavioral state classification. The output
provides a continuous index of sleep quality based on age control population normal for
sleep architecture and duration.
* Brain State dependent Therapy in Neurological disease.
- Parkinson’s Disease and other movement disorders involving Deep Brain
Stimulation. Currently over 100,000 thousand people are implanted with Deep Brain
Stimulators. The quality type and severity of tremors and other associated motor
symptoms of both essential tremor, dystonia, and Parkinson’s Disease has a sleep-
wake variance which is important to characterize and inform with next-generation
devices that should be changing their parameters of stimulation accordingly based on
the behavioral state of a given patient.
- Application in epilepsy whereby electrical stimulation delivery is controlled by
automated sleep staging. Recent research suggests that stimulation during post-

seizure slow-wave (N2, N3) sleep could disrupt epilepsy engrams, reduce number of
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seizures, and prevent epilepsy progression. The approach may make it possible to
prevent epilepsy from developing in patients who have suffered traumatic brain
injury.
- Application in epilepsy whereby electrical stimulation delivery is controlled by
automated sleep staging to target seizure generation that begin specifically out of a
given brain state in order to prevent seizure initiation.
- Application to movement disorders - changing stimulation pattern based on
automated sleep staging to prevent stimulation during night when it is not needed to
extend device battery.
* Cognition & Learning enhancement is facilitated by electrical stimulation to
modulate different sleep stages. For example, enhance slow-wave sleep with electrical
stimulation which has been shown to improve memory and motor task performance.
Diseases leading to impairment in memory and cognition (e.g. Alzheimer disease) will
benefit in modulation of learning & memory networks using behavioral state dependent
therapeutic stimulation. Similarly, disruption of pathological learning and memory, such
as seen in post-traumatic stress disorder (PTSD), using electrical stimulation controlled
by brain behavioral state classifier to disrupt slow wave sleep that is critical to memory
consolidation and learning
*  Mood disorders, such as depression are associated with circadian rhythms. The use
of brain behavioral state classification would allow rigorous tracking of circadian
disruption and can be used to selectively deliver therapy and monitor success of therapy
with behavioral state and sleep architecture quantification as an objective biomarker
* Narcolepsy could be managed by changing stimulation pattern automatically based
on sleep staging to prevent human from transitioning into pathological REM sleep state
unintentionally.
[0069] It is contemplated that any embodiment discussed in this specification can be
implemented with respect to any method, kit, reagent, or composition of the invention, and vice
versa. Furthermore, compositions of the invention can be used to achieve methods of the
invention.
[0070] It will be understood that particular embodiments described herein are shown by way of

illustration and not as limitations of the invention. The principal features of this invention can
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be employed in various embodiments without departing from the scope of the invention. Those
skilled in the art will recognize, or be able to ascertain using no more than routine
experimentation, numerous equivalents to the specific procedures described herein. Such
equivalents are considered to be within the scope of this invention and are covered by the
claims.

[0071] All publications and patent applications mentioned in the specification are indicative of
the level of skill of those skilled in the art to which this invention pertains. All publications and
patent applications are herein incorporated by reference to the same extent as if each individual
publication or patent application was specifically and individually indicated to be incorporated
by reference.

[0072] The use of the word “a” or “an” when used in conjunction with the term “comprising” in
the claims and/or the specification may mean “one,” but it is also consistent with the meaning of

2%

“one or more,” “at least one,” and “one or more than one.” The use of the term “or” in the
claims is used to mean “and/or” unless explicitly indicated to refer to alternatives only or the
alternatives are mutually exclusive, although the disclosure supports a definition that refers to
only alternatives and “and/or.” Throughout this application, the term “about” is used to indicate
that a value includes the inherent variation of error for the device, the method being employed to
determine the value, or the variation that exists among the study subjects.

[0073] As used in this specification and claim(s), the words “comprising” (and any form of
comprising, such as “comprise” and “comprises”), “having” (and any form of having, such as
“have” and “has”), “including” (and any form of including, such as “includes” and “include”) or
“containing” (and any form of containing, such as “contains” and “contain”) are inclusive or
open-ended and do not exclude additional, unrecited elements or method steps. In embodiments
of any of the compositions and methods provided herein, “comprising” may be replaced with
“consisting essentially of” or “consisting of”. As used herein, the phrase “consisting essentially
of” requires the specified integer(s) or steps as well as those that do not materially affect the
character or function of the claimed invention. As used herein, the term “consisting” is used to
indicate the presence of the recited integer (e.g., a feature, an element, a characteristic, a
property, a method/process step or a limitation) or group of integers (e.g., feature(s), element(s),

characteristic(s), propertie(s), method/process steps or limitation(s)) only.
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[0074] The term “or combinations thereof” as used herein refers to all permutations and
combinations of the listed items preceding the term. For example, “A, B, C, or combinations
thereof” is intended to include at least one of: A, B, C, AB, AC, BC, or ABC, and if order is
important in a particular context, also BA, CA, CB, CBA, BCA, ACB, BAC, or CAB.
Continuing with this example, expressly included are combinations that contain repeats of one
or more item or term, such as BB, AAA, AB, BBC, AAABCCCC, CBBAAA, CABABB, and
so forth. The skilled artisan will understand that typically there is no limit on the number of
items or terms in any combination, unless otherwise apparent from the context.

[0075] As used herein, words of approximation such as, without limitation, “about”,
“substantial” or “substantially” refers to a condition that when so modified is understood to not
necessarily be absolute or perfect but would be considered close enough to those of ordinary
skill in the art to warrant designating the condition as being present. The extent to which the
description may vary will depend on how great a change can be instituted and still have one of
ordinary skilled in the art recognize the modified feature as still having the required
characteristics and capabilities of the unmodified feature. In general, but subject to the
preceding discussion, a numerical value herein that is modified by a word of approximation
such as “about” may vary from the stated value by at least £1, 2, 3,4, 5, 6, 7, 10, 12 or 15%.
[0076] All of the compositions and/or methods disclosed and claimed herein can be made and
executed without undue experimentation in light of the present disclosure. While the
compositions and methods of this invention have been described in terms of preferred
embodiments, it will be apparent to those of skill in the art that variations may be applied to the
compositions and/or methods and in the steps or in the sequence of steps of the method
described herein without departing from the concept, spirit and scope of the invention. All such
similar substitutes and modifications apparent to those skilled in the art are deemed to be within

the spirit, scope and concept of the invention as defined by the appended claims.
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What is claimed is:

1. A computerized method of classifying a behavioral state of a brain comprising:
providing a plurality of sensors configured to detect an electrical activity of the brain;
providing one or more processors communicably coupled to a user interface and the
plurality of sensors;
receiving a signal from each of the plurality of sensors;
automatically selecting one or more of the sensors based on the signals received from
each sensor and one or more selection criteria using the one or more processors;

calculating at least one measured value from the signal(s) of the selected sensor(s) using
the one or more processors;

classifying the behavioral state as: (a) an awake state whenever the measured value(s)
for the selected sensor(s) is lower than a first threshold value, (b) a sleep state (N1 or N2)
whenever the measured value(s) for the selected sensor(s) is equal to or greater than the first

threshold value and the measured value(s) is not greater than a second threshold value, or (¢) a

slow wave sleep state (N3) whenever the measured value(s) from the selected sensor(s) is

greater than the first threshold value and the measured value(s) is greater than the second
threshold value; and

providing a notification of the classified behavioral state to the user interface.

2. The method of claim 1, further classifying the brain behavioral state as a drowsy state
(N1), a REM state, or a microstate within the drowsy state (N1), the sleep state (N2) or the slow
wave sleep state (N3), or a brain state characterized by abundant or excessive pathological
activity, or a brain state otherwise identified as representing an elevated probability for

occurrence of a seizure.

3. The method of claim 1, further comprising storing the classified behavioral state in a

memory or a data storage device communicably coupled to the one or more processors.

4. The method of claim 1, further comprising providing an alert whenever the classified

behavioral state is different than a previous classified behavioral state.
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5. The method of claim 1, wherein the first threshold value comprises a first Delta power

value and the second threshold value comprises a second Delta power value.

6. The method of claim 1, further comprising pre-processing the signals by:
detecting an abnormal amplitude distortion in the signals; or
detecting a seizure or an abnormal electrophysiological condition using the signals; or

detecting a high 60 or 50 Hz line interference in the signals.

7. The method of claim 1, wherein the one or more selection criteria comprises:

a power spectral or inferred features extraction; or

a clustering algorithm comprising a K-means, hierarchical tree, t-SNE, deep learning,
neural network, t-SNE, isomap, Sammon mapping, linear embedding, or unsupervised deep
embedding clustering algorithm; or

one or more measures of separability.

8. The method of claim 1, wherein the one or more selection criteria comprising a K-NN
clustering algorithm with Euclidean distance measure where inter and intra-cluster distance are

used as parameters for selection of only one sensor.

0. The method of claim 1, further comprising selecting or restricting a number of channels

of the sensors, or a number of power spectral features of the sensors.

10. The method of claim 1, receiving one or more configuration settings via the user
interface.
11. The method of claim 10, wherein the configuration settings comprises a manual or

automatic sensor selection, a preprocessing algorithm selection, a detection algorithm selection,

a feature selection, a clustering method selection, or a thresholding rule selection.
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12. The method of claim 1, wherein the sensors comprise intracranial electrodes, epidural
electrodes, sub-scalp electrodes, scalp electrodes, intracranial or dermal laser sensors, electrodes
placed on the body or limbs, interstitial blood glucose or hormone sensors, or a combination

thereof.

13. The method of claim 1, further comprising selecting a target brain location for the
sensors from one or more of a cortex, hippocampus, thalamus, brain stem, basal ganglia,
subthalamic nucleus, globus pallidus or other movement circuitry structures and muscles via

EMG or ENG or actigraphy.

14. The method of claim 1, wherein the receiving, selecting, calculating, classifying and

providing steps are fully automated and unsupervised.

15. The method of claim 1, wherein only one sensor is selected.

16. The method of claim 1, further comprising:

filtering the signal(s) into a set of frequency bands for each sensor;

calculating an absolute power and a relative power for each of the frequency bands for
each sensor; and

wherein automatically selecting the sensor(s) based on the signal received from each
sensor and one or more selection criteria comprises automatically selecting the sensor(s) based

on the absolute power and the relative power for each of the frequency bands for each sensor.

17.  The method of claim 16, wherein the set of frequency bands are all within the range of

0.1 Hz to 600 Hz.

18. The method of claim 16, further comprising decimating all frequency bands below 55
Hz prior to filtering the signal(s).

19. The method of claim 16, wherein:
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the set of frequency bands comprise 0.1—4 Hz, 4-8 Hz, 8—13 Hz, 13—30 Hz, 0.1-30 Hz,
3055 Hz, 65-115 Hz, 125-175 Hz, and 185-235 Hz;

the absolute power is calculated using Py, (s, €5, b, k) = %lev V(n)?[uv?],

. . . _ Paps(s.es.b,k) .
the relative power is calculated using Pg.; (s, es, b, k) = T Pan(sean i) [AU]; and

wherein s is a subject number, e; is one of the sensors, b is one of the frequency bands, &
is an epoch of data, Vis a number of data points in each epoch, and J(#) is an unipolar voltage

at a given discrete time »n in uV.

20. The method of claim 1, wherein the behavioral state is classified without a gold standard
scoring.
21. The method of claim 1, further comprising providing an electrical stimulation to the

brain via one or more electrodes configured to provide the electrical stimulation.

22. The method of claim 21, further comprising selecting one or more of the electrodes to

provide the electrical stimulation.

23. The method of claim 21, wherein the electrical stimulation is provided in accordance

with an electrical stimulation therapy.

24, The method of claim 21, further comprising modulating the classified behavioral state

using the electrical stimulation.

25. The method of claim 21, further comprising fine tuning an overall sleep-wake dynamic

to meet a specified pre-determined behavioral state pattern.

26. The method of claim 21, further comprising driving the classified behavioral state to a

prescribed behavior state using the electrical stimulation.

27. The method of claim 26, further comprising:
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transmitting the classified behavioral state to a remote device; and
receiving one or more control signals for the electrical stimulation from the remote

device.

28. The method of claim 1, further comprising automatically mapping one or more spatial
and temporal patterns of the classified behavioral state and one or more transitions between the

classified behavioral states.

29. The method of claim 1, selecting automatic or manual feature selection or sensor
selection.
30. The method of claim 1, further comprising using training signal processing and a

machine learning system to identify one or more suitable sensor configurations for an automated

or semi-automated classification of the behavioral state.

31 The method of claim 1, wherein the receiving, selecting, calculating, classifying and
providing steps are performed using an operational mode comprising:

a fully automated and unsupervised mode; or

a semi-automated mode; or

an active learning mode; or

a supervised mode.

32. A system for classifying a behavioral state of a brain comprising:
a sensor and/or electrode interface;
a user interface;
a data storage or memory; and
one or more processors communicably coupled to the sensor and/or electrode interface,
the user interface and data storage or memory, wherein the one or more processors:
receive a signal from each of a plurality of sensors via the sensor and/or electrode

interface,
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automatically select one or more of the sensors based on the signals received
from each sensor and one or more selection criteria,

calculate at least one measured value from the signal(s) of the selected sensor(s),

classify the behavioral state as: (a) an awake state whenever the measured
value(s) for the selected sensor(s) is lower than a first threshold value, (b) a sleep state
(N1 or N2) whenever the measured value(s) for the selected sensor(s) is equal to or
greater than the first threshold value and the measured value(s) is not greater than a
second threshold value, or (c) a slow wave sleep state (N3) whenever the measured
value(s) from the selected sensor(s) is greater than the first threshold value and the
measured value(s) is greater than the second threshold value, and

provide a notification of the classified behavioral state to the user interface.

33. The system of claim 32, further comprising a plurality of sensors configured to detect an

electrical activity of the brain communicably coupled to the sensor and/or electrode interface.

34. The system of claim 33, wherein the sensors comprise intracranial electrodes, epidural
electrodes, sub-scalp electrodes, scalp electrodes, intracranial or dermal laser sensors, electrodes
placed on the body or limbs, interstitial blood glucose or hormone sensors, or a combination

thereof.

35. The system of claim 32, further comprising one or more remote control or monitoring

devices communicably coupled to the user interface.

36.  The system of claim 32, wherein the one or more processors further classify the brain
behavioral state as a drowsy state (N1), a REM state, or a microstate within the drowsy state
(N1), the sleep state (N2) or the slow wave sleep state (N3), or a brain state characterized by
abundant or excessive pathological activity, or a brain state otherwise identified as representing

an elevated probability for occurrence of a seizure.

37.  The system of claim 32, wherein the one or more processors further store the classified

behavioral state in the data storage or memory.
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38. The system of claim 32, wherein the one or more processors further provide an alert

whenever the classified behavioral state is different than a previous classified behavioral state.

39. The system of claim 32, wherein the first threshold value comprises a first Delta power

value and the second threshold value comprises a second Delta power value.

40. The system of claim 32, wherein the one or more processors further pre-process the
signals by:

detecting an abnormal amplitude distortion in the signals; or

detecting a seizure or an abnormal electrophysiological condition using the signals; or

detecting a high 60 or 50 Hz line interference in the signals.

41.  The system of claim 32, wherein the one or more selection criteria comprises:

a power spectral features extraction; or

a clustering algorithm comprising a K-means, hierarchical tree, t-SNE, deep learning,
neural network, t-SNE, isomap, Sammon mapping, linear embedding, or unsupervised deep
embedding clustering algorithm; or

one or more measures of separability.

42.  The system of claim 32, wherein the one or more selection criteria comprising a K-NN
clustering algorithm with Euclidean distance measure where inter and intra-cluster distance are

used as parameters for selection of only one sensor.

43.  The system of claim 32, wherein the one or more processors further select or restrict a

number of channels of the sensors, or a number of power spectral features of the sensors.

44, The system of claim 32, wherein the one or more processors further receive one or more

configuration settings via the user interface.
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45.  The system of claim 44, wherein the configuration settings comprises a manual or
automatic sensor selection, a preprocessing algorithm selection, a detection algorithm selection,

a feature selection, a clustering method selection, or a thresholding rule selection.

46. The system of claim 32, wherein the one or more processors further select a target brain
location for the sensors from one or more of a cortex, hippocampus, thalamus, brain stem, basal
ganglia, subthalamic nucleus, globus pallidus or other movement circuitry structures and

muscles via EMG or ENG or actigraphy.

47.  The system of claim 32, wherein the receiving, selecting, calculating, classifying and

providing steps are fully automated and unsupervised.

48.  The system of claim 32, wherein only one sensor is selected.

49.  The system of claim 32, wherein the one or more processors further:

filter the signal(s) into a set of frequency bands for each sensor;

calculate an absolute power and a relative power for each of the frequency bands for
each sensor; and

wherein automatically selecting the sensor(s) based on the signal received from each
sensor and one or more selection criteria comprises automatically selecting the sensor(s) based

on the absolute power and the relative power for each of the frequency bands for each sensor.

50. The system of claim 49, wherein the set of frequency bands are all within the range of

0.1 Hz to 600 Hz.

51.  The system of claim 49, wherein the one or more processors further decimate all

frequency bands below 55 Hz prior to filtering the signal(s).

52. The system of claim 49, wherein:
the set of frequency bands comprise 0.1—4 Hz, 4-8 Hz, 8—13 Hz, 13—30 Hz, 0.1-30 Hz,
30—55 Hz, 65—115 Hz, 125—175 Hz, and 185—235 Hz;
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the absolute power is calculated using Py, (s, €5, b, k) = %lev V(n)?[uv?],

. . . _ Paps(s.es.b,k) .
the relative power is calculated using Pg.; (s, es, b, k) = T Pan(sean i) [AU]; and

wherein s is a subject number, e; is one of the sensors, b is one of the frequency bands, &
is an epoch of data, Vis a number of data points in each epoch, and J(#) is an unipolar voltage

at a given discrete time »n in uV.

53.  The system of claim 32, wherein the behavioral state is classified without a gold

standard scoring.

54. The system of claim 32, further comprising one or more electrodes communicably
coupled to the one or more processors via the sensor and/or electrode interface, wherein an

electrical stimulation is provided to the brain via the one or more electrodes.

55.  The system of claim 54, wherein the one or more processors further select one or more

of the electrodes to provide the electrical stimulation.

56.  The system of claim 54, wherein the electrical stimulation is provided in accordance

with an electrical stimulation therapy.

57.  The system of claim 54, wherein the one or more processors modulate the classified

behavioral state using the electrical stimulation.

58. The system of claim 54, wherein an overall sleep-wake dynamic is fine tuned to meet a

specified pre-determined behavioral state pattern.

59.  The system of claim 54, wherein the one or more processors drive the classified

behavioral state to a prescribed behavior state using the electrical stimulation.

60. The system of claim 59, further comprising:

a remote device communicably coupled to the one or more processors; and
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the one or more processors transmit the classified behavioral state to the remote device,

and receive one or more control signals for the electrical stimulation from the remote device.

61. The system of claim 32, wherein the one or more processors further automatically map
one or more spatial and temporal patterns of the classified behavioral state and one or more

transitions between the classified behavioral states.

62.  The system of claim 32, wherein the one or more processors select automatic or manual

feature selection or sensor selection.

63.  The system of claim 32, wherein the one or more processors further use training signal
processing and a machine learning system to identify one or more suitable sensor configurations

for an automated or semi-automated classification of the behavioral state.

64.  The system of claim 32, wherein the receiving, selecting, calculating, classifying and
providing steps are performed using an operational mode comprising:

a fully automated and unsupervised mode; or

a semi-automated mode; or

an active learning mode; or

a supervised mode.
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