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(57) ABSTRACT

Embodiments of the present invention may provide auto-
mated techniques for signal analysis that may continuously
provide up-to-date results that link EEG and behaviors that
are important for daily activities. Such techniques may
provide automation, objectivity, real-time monitoring and
portability. In an embodiment of the present invention, a
computer-implemented method for monitoring neural activ-
ity may comprise receiving data representing at least one
signal representing neural activity of a test subject, pre-
processing the received data by performing at least one of
band-pass filtering, artifact removal, identifying common
spatial patterns, and temporally segmentation, processing
the pre-processed data by performing at least one of time
domain processing, frequency domain processing, and time-
frequency domain processing, generating a machine learn-
ing model using the processed data as a training dataset, and
outputting a characterization of the neural activity based on
the machine learning model.
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Fig. 6
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NEURAL OSCILLATION MONITORING
SYSTEM

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of U.S. Provi-
sional Application No. 62/214,443, filed Sep. 4, 2013, the
entirety of which is incorporated herein by reference. U.S.
Pat. No. 9,399,144 is incorporated herein by reference in its
entirety.

BACKGROUND

[0002] The present invention relates to a neural oscillation
monitoring system for objective detection of electrophysi-
ological patterns for various brain functions and dysfunc-
tions.

[0003] The methods and mechanisms by which the brain
processes information that reflects human behavior is still
unclear. With new tools and analysis techniques, researchers
are beginning to understand the brain’s functions. One way
that the information processing occurs in the brain is through
brain waves or neural oscillations. Neural oscillations
throughout the brain carry a wealth of information about
brain function and dysfunction. Neural oscillations have
long been correlated to a variety of normal brain functions,
ranging from motor control, learning and memory, con-
sciousness, to sleep (Uhlhaas et al 2009). Neural oscillations
typically establish great precision in temporal correlations in
neural networks and therefore changes or disruptions in
these temporal correlations are associated with brain states
and in some cases candidate mechanisms of neurological
disorders. Therefore it is important to utilize neural oscilla-
tions as an accessible pattern of brain function.

[0004] The oscillations are often measured using electro-
encephalography (EEG), as this tool has high temporal
resolution, is inexpensive, and the apparatus is easy to wear.
Due to the ongoing growth of both large-scale and small-
scale interest in self-monitoring, many innovators are inter-
ested in developing tools for assessing biological systems
and conditions. These products exist in a variety of forms.
For example, medical technologies strive to detect biologi-
cal metrics and convert them into readable and objective
scales, while wearable technologies are being used to track
physical activity in athletes. However the challenge is to
convert a standard EEG data acquisition and analysis system
to be used for brain and body self-awareness and dynamic
motion.

[0005] EEG signals recorded from the brain are typically
raw signals that carry uninteresting signals in addition to the
interesting patterns, as well as noise. Pre-processing or
cleaning and signal processing removes the unwanted sig-
nals and artifacts or noise to enable quantification of inter-
esting EEG signals. EEGs are made up of different frequen-
cies and the major frequency bands, delta, theta, alpha, beta,
gamma, and sigma-burst, have been well-studied and are
associated with specific behaviors such as learning, memory,
movement, sleep, etc. Given the wealth of information the
brain holds with neural oscillations, a need arises for an
automated signal analysis system that can continuously
provide up-to-date results that link EEG and behaviors that
are important for daily activities.
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SUMMARY

[0006] Embodiments of the present invention may provide
automated techniques for signal analysis that may continu-
ously provide up-to-date results that link EEG and behaviors
that are important for daily activities. Such techniques may
provide automation, objectivity, real-time monitoring and
portability.

[0007] In an embodiment of the present invention, a
computer-implemented method for monitoring neural activ-
ity may comprise receiving data representing at least one
signal representing neural activity of a test subject, pre-
processing the received data by performing at least one of
band-pass filtering, artifact removal, identifying common
spatial patterns, and temporally segmentation, processing
the pre-processed data by performing at least one of time
domain processing, frequency domain processing, and time-
frequency domain processing, generating a machine learn-
ing model using the processed data as a training dataset, and
outputting a characterization of the neural activity based on
the machine learning model.

[0008] In an embodiment, the artifact removal may com-
prise determining signals representing a plurality of nearest
neighbors of the at least one signal and generating a
weighted average of the signals of the plurality of nearest
neighbors. The identifying common spatial patterns may
comprise selecting signals that shown a highest variance.
The time domain processing may comprise performing
spindle threshold analysis by setting a threshold at a maxi-
mum value, reducing the threshold repeatedly until the
threshold is at a minimum value and detecting a spindle
when a region of the data exceeds a current threshold value
for at least a predetermined amount of time. The frequency
domain processing may comprise performing power spec-
trum analysis using a Fourier transform or a fast Fourier
transform. The time-frequency domain processing may
comprise performing wavelet analysis using a short time
Fourier transform or a wavelet transform. The method may
further comprise storing data related to the characterization
of the neural activity in a database, receiving additional data
representing at least one signal representing additional neu-
ral activity of the test subject or neural activity of another
test subject, accessing the database using the additional data
to determine whether a corresponding characterization of the
neural activity is found in the database, when a correspond-
ing characterization of the neural activity is found in the
database, outputting the corresponding characterization of
the neural activity found in the database.

[0009] In an embodiment of the present invention, a
computer program product for monitoring neural activity
may comprise a non-transitory computer readable storage
having program instructions embodied therewith, the pro-
gram instructions executable by a computer, to cause the
computer to perform a method comprising receiving data
representing at least one signal representing neural activity
of a test subject, pre-processing the received data by per-
forming at least one of band-pass filtering, artifact removal,
identifying common spatial patterns, and temporally seg-
mentation, processing the pre-processed data by performing
at least one of time domain processing, frequency domain
processing, and time-frequency domain processing, gener-
ating a machine learning model using the processed data as
a training dataset, and outputting a characterization of the
neural activity based on the machine learning model.
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[0010] In an embodiment of the present invention, a
system for determining compliance with a planogram may
comprise a processor, memory accessible by the processor,
and computer program instructions stored in the memory
and executable by the processor to perform receiving data
representing at least one signal representing neural activity
of a test subject, pre-processing the received data by per-
forming at least one of band-pass filtering, artifact removal,
identifying common spatial patterns, and temporally seg-
mentation, processing the pre-processed data by performing
at least one of time domain processing, frequency domain
processing, and time-frequency domain processing, genet-
ating a machine learning model using the processed data as
a training dataset. and outputting a characterization of the
neural activity based on the machine learning model.

BRIEF DESCRIPTION OF THE DRAWINGS

[0011] The details of the present invention, both as to its
structure and operation, can best be understood by referring
to the accompanying drawings, in which like reference
numbers and designations refer to like elements.

[0012] FIGS. 1a, 15, and 1c are an exemplary flow dia-
gram of a process according to an embodiment of the present
invention.

[0013] FIG. 2 is an exemplary flow diagram of an appli-
cation according to an embodiment of the present invention.
[0014] FIG. 3 is an exemplary diagram of an application
according to an embodiment of the present invention.
[0015] FIG. 4 is an exemplary state diagram of finite state
machine processing for an exemplary biomarker pathway
that may be performed according to an embodiment of the
present invention.

[0016] FIG. 5is an exemplary block diagram of a portable
neural oscillation detection system.

[0017] FIG. 6 is an exemplary block diagram of a com-
puting device in which processes involved in the embodi-
ments described herein may be implemented.

DETAILED DESCRIPTION

[0018] Embodiments of the present invention may provide
automated techniques for checking store shelves for com-
pliance with planograms that can handle unknown arrange-
ments in a uniform way, with little user involvement, and
with relatively low processing complexity.

[0019] Forexample, embodiments of the present invention
may provide a neural oscillation monitoring system. The
monitoring system may be configured to receive, process,
detect, and optimize performance for a wide range of
activities that may be recorded using electrophysiological
monitoring devices. The monitoring system may allow raw
EEG signals measured from a human to be inputted into the
system and undergo signal processing. Machine learning
may then be used to classify the signals into groups pet-
taining to subject cohorts. The results of the monitoring
system may be utilized for several applications. For
example, the results may be used to detect EEG patterns of
specific brain functions or dysfunctions such as mood states
or neurological disorders and healthy controls. Another
example may be utilizing these EEG patterns to optimize
fitness training modules.

[0020] In an embodiment, the present invention may pro-
vide software that is compatible with a variety of off-the-
shelf EEG sensors. Another embodiment may provide a
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software application integrated into a gaming or fitness
equipment console for personalized fitness. Another
embodiment may provide a software mobile application.
Another embodiment may provide a novel EEG sensor that
can acquire and analyze/monitor EEG data. Another
embodiment may provide a novel EEG sensor that commu-
nicates wirelessly with a mobile application neural oscilla-
tion monitoring software.

[0021] In an embodiment, a neural oscillation monitoring
system may provide objective brain function monitoring and
may provide results in real-time. Given the automated
nature, the invention may be portable in a software or
hardware application.

[0022] In an embodiment, the present invention may
involve input of raw EEG signals, processing, detecting and
utilizing the raw EEG signals for a variety of applications.
The raw signals may first be pre-processed to remove
artifacts and filter the frequencies of interest. The pre-
processing may be performed in several ways, such as
band-pass filtering, artifact removal by averaging, common
spatial pattern processing to select EEG electrodes based on
current source/signal localization, and segmentation of the
EEG recordings. A variety of different signal processing
tools may be utilized, and analysis in the three domains of
EEG signals is shown as examples. In the time domain,
spindle threshold analysis may be performed. In the fre-
quency domain, power spectrum analysis may be performed.
In the time-frequency domain, wavelet analysis may be
performed. Features from these signal processing steps may
be selected based on EEG signals or biomarkers of interest
and may be used in machine learning. Several machine
learning tools may be employed, such as nearest neighbors,
support vector machines (SVM), and naive Bayes.

[0023] An example of a process 100 of neural oscillation
monitoring is shown in FIGS. 1a, 15, and 1¢. For simplicity,
process 100 is described using the example of a pain
diagnosis. However, this is merely an example, as process
100 is equally applicable any neural oscillation based diag-
nosis or condition. Process 100 may be fully automated and
may be trained on EEG data from specified groups. Once
trained, process 100 may provide the capability to blindly
classify an unknown EEG into groups as defined by the user.
The results of the analysis may provide accuracy, sensitivity
and specificity of dividing the initial EEG data into cohorts/
groups or patterns. The results may be utilized in use-cases
such as medical diagnosis, pharmaceutical drug eflicacy
studies, personalized fitness consumer use, and others.
[0024] Process 100 begins with 102, shown in FIG. 1a, in
which input data may be obtained. Data may be input into
algorithm in several forms, for example, text files, real-time
raw data through software development kits, real-time raw
neural oscillations or EEG data, etc. For example, at 104,
raw EEG data files may be read. As an example, documented
Python functions may be used for monitoring systems that
use Python scripts. The listed techniques are merely
examples; the present invention contemplates data input in
any format using any input technique.

[0025] At 106, preprocessing may be performed on the
obtained data, such as the raw EEG data. Typically, raw EEG
data, which may include EEG data obtained directly from
EEG recording equipment, requires pre-processing and
cleaning. For example, at 108, band-pass filtering may be
performed. Band-Pass filtering may include frequency fil-
tering the data in order to analyze neural oscillation fre-
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quencies of interest. For example, data may be filtered at
4-45 Hz for the complete spectrum (Hipp, et al. 2012) and
8-14 Hz for the broad alpha range (Lundqvist, et al. 2013).
At 110, artifact removal may be performed. After filtering of
the data, artifact removal may be performed, for example,
using an averaging technique such as a linear (nearest
neighbor) approach using weighted averaging. Omitting the
data from EEG electrodes with artifacts is not a desirable
due to the fact that source localization depends on scalp
potential distribution. In the linear method, artifacts may be
reconstructed through a weighted average of data from
neighboring electrodes. The weights may be proportional to
the Euclidean distance between the electrodes. For example,
the three nearest neighbors of each electrode may be deter-
mined and the recordings of the three nearest electrodes may
be averaged.

[0026] At 112, common spatial pattern (CSP) recognition
may be performed. CSP may be used for electrode selection,
in order to optimize the data analysis by preselecting those
EEG electrodes that show the highest variance in their
signal, as these are presumed to reflect a brain function/
dysfunction pattern. The CSP processing may provide indi-
cations of the electrodes that may contain the best features
for classification. This approach reduces the computational
requirements during further processing, as only the highest-
ranking electrodes may be used for further analysis.
[0027] At 114, after CSP processing, segmentation of the
data may be performed. A recording may be segmented into
short duration intervals, with or without overlapping data
points.

[0028] Turning now to FIG. 15, the pre-processed data
may be analyzed using a variety of different methods. For
example, spindle threshold analysis 116, power spectrum
analysis 118, and wavelet analysis 120, as well as other
techniques, may be used. These processing methods may be
used to identify features for the machine learning.

[0029] At 116, spindle threshold analysis in the time
domain may be performed. In order to detect pain spindles
that may constitute a brain function pattern, a modified
spindle amplitude threshold-setting method may be used. In
this method, the maximum amplitude in the duration of the
recording may be determined using a threshold. Typically,
the level of the threshold may be initially set at a maximum
value and then may be reduced until the threshold is at zero.
For example, the threshold in steps of 10% of the initial
amplitude until the threshold of 0 uV is reached. A spindle
may be detected when a region of 0.5 seconds of the
recording exceeds the current threshold level. At 122, the
detected potential spindles may be output.

[0030] At 118, power spectrum analysis in the frequency
domain may be performed. Power decomposition may be
performed to determine the power of each frequency that is
contained in the recording by using, for example, fast
Fourier transforms (FFT) to decompose the recording into
frequencies. Several segments of the EEG data may be
averaged in order to reduce the variance of the estimate. At
124, the determined relative power spectra may be output.
[0031] At 120, wavelet analysis in the time-frequency
domain may be performed. Wavelet/TFA analysis may be
performed executed using, for example, a short time Fourier
transform or wavelet transform. Time may be mapped into
frequency and phase by the Fourier transform and time may
be mapped into scale and time for the wavelet transform. A
variety of wavelet analyses may be performed. For example,
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Morlet wavelet analysis provides wavelets that have a
sinusoidal shape weighted by a Gaussian kernel and may
capture local oscillatory components in a time-series. At
126, the determined coeflicients may be output.

[0032] At 128 the detected potential spindles, the deter-
mined relative power spectra, and the determined TFA
coeflicients may be combined into a dataset.

[0033] Turning now to FIG. 1c, at 130, it may be deter-
mined whether or not a pain diagnosis is available in a
database (discussed further below) on the basis of the
combined dataset. If not, then at 132, a query may be made
from the database to generate a training dataset for machine
learning. At 134, the training dataset may be processing with
machine learning. The goal of the machine learning method
is to correctly classify with high accuracy, sensitivity, and
specificity, an automated and objective method to classify
brain function/dysfunction. Features may be selected as
spindles, relative power, and wavelet coeflicients. Examples
of machine learning techniques that may be used include
Naive Bayes, 1 and 2 Nearest Neighbors, and Support Vector
Machine (SVM), as well as other machine learning tech-
niques. Features may be selected from signal processing
methods such as potential spindles, relative power, TFA or
wavelet coeflicients, etc. At 136, a prediction of a pain
diagnosis may be output from the machine learning pro-
cessing. At 138, the prediction of the pain diagnosis may be
output in a human readable form on a user interface or other
technique for use by a user, doctor, patient, or other person.

[0034] In addition, at 140, data related to the prediction of
the pain diagnosis may be stored in the database. This
database may store information such as raw EEG data,
pre-processed EEG data, potential spindle data, relative
power spectra data, TFA coeflicient data, machine learning
data, prediction data, etc. Accordingly, at 142, supplemen-
tary data, and, at 144, pain diagnosis data, may be read from
the input obtained data 102. These data, as well as other data
from the database may be used at 130 to determine whether
or not a pain diagnosis is available. As discussed above, if
a pain diagnosis is not available, then the dataset may be
processed using machine learning. If, at 130, a pain diag-
nosis is available, then, at 146, the relevant data from the
dataset may be stored in the database, and the determined
pain diagnosis may be output.

[0035] A cross validation technique may be used to evalu-
ate the performance of the classification. For example, a
10-fold cross validation approach may be applied to the
dataset to determine sensitivity, specificity and accuracy.
The sensitivity of a clinical test refers to the ability of the test
to correctly identify those subjects with an EEG pattern of
interest or brain state (Lalkhen and McCluskey 2008).

True positives

Sensitivity= — -
v True positives + False negatives

[0036] A test with 100% sensitivity correctly identifies all
subjects in a specific brain state. The specificity of a clinical
test refers to the ability of the test to correctly identify
subjects without the specific brain state (Lalkhen and
McCluskey 2008).
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True negatives

Specificty = - e
pecificty True negatives + False positives

[0037] A test with 100% specificity correctly identifies all
subjects without a specific brain state. The accuracy may be
computed by

(True positives + True negatives)
Accuracy =

(True positives + True negatives + ]

False positives + False negatives

[0038] The accuracy provides a selection criterion upon
which the optimal number of electrodes and best performing
algorithm could be determined.

[0039] The end results of process 100 may be presented in
a variety of ways. One example may be a diagnosis of a
brain dysfunction state such as chronic pain or Alzheimer’s
disease. Another example may be utilizing the real-time
accuracy results for applications such as input into person-
alize fitness-training modules.

[0040] An example of the use of neural oscillation moni-
toring for personalized fitness is shown in FIG. 2. In this
example, for each type of exercise or physical activity, EEG
data may be collected and compared to non-activity or
different modes of activity. For example, EEG data may be
collected for running modes: standing, walking, jogging,
running. This data may be in any form, but in the example
shown in FIG. 2, the data may include ASCII-based training
data 202. The EEG patterns associated with the body’s
response to these modes may be measured and used to train
the neural oscillation monitoring system, for example, using
the illustrated Python-based training module 204. For
example, if an exerciser is experiencing high levels of
exertion, discomfort, or pain in the jogging mode, this data
may then be used to train the monitoring system to learn the
level of exertion of the mode 208. For example, the results
of the neural oscillation detection may be represented in the
BORG scale for physical exertion. The results of the EEG-
BORG scale may then be used to scale an exercise-training
module. This may allow the exerciser to personalize their
running based on their body’s exertion levels. Accordingly,
in this example, an exerciser may personalize their training
to their body’s requirements for an effective workout.
[0041] An example of the use of neural oscillation moni-
toring for pain diagnosis is shown in FIG. 3. Chronic pain is
a severe and growing problem in the United States, affecting
116 million Americans and costing $635 billion annually.
Pain is especially a significant problem for the military, as a
high percentage of soldiers and veterans suffer from both
acute and chronic pain. Current pain diagnosis relies on
subjective self-reporting of patients making it difficult to
quantify pain and its intensity. An objective assay that can
rapidly and reliably detects or diagnose pain and its intensity
would be useful, and would be especially useful for patients
that are unable to self-report such as traumatically injured
including the cognitively impaired and sedated patients. An
objective pain signature associated specifically with chronic
neuropathic pain and its intensity level in patients was
recently discussed (Green et al 2009). This pain signature is
an increase in (alpha) frequency power with greater spindle
activity, which was measured using surgically implanted
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deep brain electrodes. Using the neural oscillation detection
algorithm, used EEG may be used for detection of the scalp
correlates of the pain signature to enable its use in portable,
user-friendly technology. The detection algorithm could
classify pain patients from no-pain with 96% accuracy and
high pain from low-pain with 100% accuracy based on
patient’s EEGs.

[0042] As shown in FIG. 3, a system 300 for neural
oscillation monitoring for pain diagnosis may include EEG
data sensors 302, processing and data blocks 304-320, and
display device 322. EEG data sensors 302 may be used for
gathering raw EEG data from a subject. At processing block
304, the raw EEG data may be cleaned, as described above.
At processing block 306, the cleaned EEG data may be
pre-processed, as described above. At processing block 308,
the cleaned and pre-processed EEG data may be compared
to data in a database including corresponding data gathered
from healthy control subjects. At processing block 310,
thresholds may be determined for amplitude and frequency.
If, at 308, it was determined that there was a match between
the processed EEG data and one or more entries in the
healthy control database, then at 312, it may be determined
that the subject does not have pain. If, at 308, it was
determined that there was not a match between the pro-
cessed EEG data and any entries in the healthy control
database, then at 314, the processed EEG data may be
compared to a pain database, including, at 316, a comparison
to a chronic pain database, and at 318, a comparison to an
acute pain database. At 320, the processed EEG data, along
with data relating to matches of the processed EEG data to
the pain database, the chronic pain database, and the acute
pain database, may be compared to the healthy control
database. At 322, the resulting pain diagnosis may be output
or displayed, for example, on a user interfaces.

[0043] It may be noted that the processing performed at
306, 308, 316 and 318, and 320 may provide input to, or be
considered to be steps in finite state machine (FSM) pro-
cessing. A state diagram 400 of such finite state machine
processing for an exemplary biomarker pathway is shown in
FIG. 4. As shown in this example, there are two states Pain
State S1 402 and No Pain State S2 404. The probability of
transition from S1 to S1 is a;, 406, the probability of
transition from S2 to S2 is a,, 408, the probability of
transition from S1 to S2 is a,, 410, and the probability of
transition from S2 to S1 is a,; 412. The output 414 from S1
is an observed neural recording with corresponding prob-
ability: b, (0), and output 416 from S2 is an observed neural
recording with corresponding probability: b, (o).

[0044] An example of a portable neural oscillation detec-
tion system 500 is shown in FIG. 5. In this example, a
smartphone or other portable or mobile computing device
may be utilized as the basis for system 500. For example, a
user interface 502, such as a diagnosis and treatment user
interface, may be displayed, typically on the front of device
500. User interface 502 may provide the capability to
receive input from a user and to display diagnosis and
treatment information to the user. On the back 504 of the
device, there may be a number of sensor nodes attached to
device 500. For example, there may be one or more EEG
sensor nodes 506 or electrodes, for detecting EEG signals, as
well as one or more transcranial direct-current stimulation
(tDCS) nodes 508 or electrodes for providing neurostimu-
lation signals. Further, software 510 to implement the user
interface, processing, and signal generation functionality
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may be provided. Accordingly, this example may be utilized
for neural oscillation biomarker detection of pain and pro-
vision of tDCS or USN pain treatment signals.

[0045] An exemplary block diagram of a computing
device 600, in which processes involved in the embodiments
described herein may be implemented, is shown in FIG. 6.
Computing device 600 may be a programmed general-
purpose computer system, such as an embedded processor,
system on a chip, smartphone, tablet, or other mobile
computing device, personal computer, workstation, server
system, and minicomputer or mainframe computer. Com-
puting device 600 may include one or more processors
(CPUs) 602A-602N, input/output circuitry 604, network
adapter 606, and memory 608. CPUs 602A-602N execute
program instructions in order to carry out the functions of
the present invention. Typically, CPUs 602A-602N are one
or more microprocessors, such as an INTEL PENTIUM®
processor. FIG. 6 illustrates an embodiment in which com-
puting device 600 is implemented as a single multi-proces-
sor computer system, in which multiple processors 602A-
602N share system resources, such as memory 608, input/
output circuitry 604, and network adapter 606. However, the
present invention also contemplates embodiments in which
computing device 600 is implemented as a plurality of
networked computer systems, which may be single-proces-
sor computer systems, multi-processor computer systems, or
a mix thereof.

[0046] Input/output circuitry 604 provides the capability
to input data to, or output data from, computing device 600.
For example, input/output circuitry may include input
devices, such as keyboards, mice, touchpads, trackballs,
scanners, etc., output devices, such as video adapters, moni-
tors, printers, etc., and input/output devices, such as,
modems, etc. Network adapter 606 interfaces device 600
with a network 610. Network 610 may be any public or
proprietary LAN or WAN, including, but not limited to the
Internet.

[0047] Memory 608 stores program instructions that are
executed by, and data that are used and processed by, CPU
602 to perform the functions of computing device 600.
Memory 608 may include, for example, electronic memory
devices, such as random-access memory (RAM), read-only
memory (ROM), programmable read-only memory
(PROM), electrically erasable programmable read-only
memory (EEPROM), flash memory, etc., and electro-me-
chanical memory, such as magnetic disk drives, tape drives,
optical disk drives, etc., which may use an integrated drive
electronics (IDE) interface, or a variation or enhancement
thereof, such as enhanced IDE (EIDE) or ultra-direct
memory access (UDMA), or a small computer system
interface (SCSI) based interface, or a variation or enhance-
ment thereof, such as fast-SCSI, wide-SCSI, fast and wide-
SCSI, etc., or Serial Advanced Technology Attachment
(SATA), or a variation or enhancement thereof, or a fiber
channel-arbitrated loop (FC-AL) interface.

[0048] The contents of memory 608 may vary depending
upon the function that computing device 600 is programmed
to perform. For example, as shown in FIG. 1, computing
devices may perform a variety of roles in the system,
method, and computer program product described herein.
For example, computing devices may perform one or more
roles as end devices, gateways/base stations, application
provider servers, and network servers. In the example shown
in FIG. 6, exemplary memory contents are shown represent-
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ing routines and data for all of these roles. However, one of
skill in the art would recognize that these routines, along
with the memory contents related to those routines, may not
typically be included on one system or device, but rather are
typically distributed among a plurality of systems or
devices, based on well-known engineering considerations.
The present invention contemplates any and all such
arrangements.

[0049] In the example shown in FIG. 6, memory 608 may
include sensor data capture routines 612, signal pre-process-
ing routines 614, signal processing routines 616, machine
learning routines 618, output routines 620, databases 622,
and operating system 624. For example, sensor data capture
routines 612 may include routines that interact with one or
more sensors, such as EEG sensors, and acquire data from
the sensors for processing. Signal pre-processing routines
614 may include routines to pre-process the received signal
data, such as by performing band-pass filtering, artifact
removal, finding common spatial patterns, segmentation,
etc. Signal processing routines 616 may include routines to
process the pre-processed signal data, such as by performing
time domain processing, such as spindle threshold process-
ing, frequency domain processing, such as power spectrum
processing, and time-frequency domain processing, such as
wavelet analysis, etc. Machine learning routines 618 may
include routines to perform machine learning processing on
the processed signal data. Databases 622 may include data-
bases that may be used by the processing routines. Operating
system 624 provides overall system functionality.

[0050] As shown in FIG. 6, the present invention contem-
plates implementation on a system or systems that provide
multi-processor, multi-tasking, multi-process, and/or multi-
thread computing, as well as implementation on systems that
provide only single processor, single thread computing.
Multi-processor computing involves performing computing
using more than one processor. Multi-tasking computing
involves performing computing using more than one opet-
ating system task. A task is an operating system concept that
refers to the combination of a program being executed and
bookkeeping information used by the operating system.
Whenever a program is executed, the operating system
creates a new task for it. The task is like an envelope for the
program in that it identifies the program with a task number
and attaches other bookkeeping information to it. Many
operating systems, including Linux, UNIX®, OS/2®, and
Windows®, are capable of running many tasks at the same
time and are called multitasking operating systems. Multi-
tasking is the ability of an operating system to execute more
than one executable at the same time. Each executable is
running in its own address space, meaning that the
executables have no way to share any of their memory. This
has advantages, because it is impossible for any program to
damage the execution of any of the other programs running
on the system. However, the programs have no way to
exchange any information except through the operating
system (or by reading files stored on the file system).
Multi-process computing is similar to multi-tasking com-
puting, as the terms task and process are often used inter-
changeably, although some operating systems make a dis-
tinction between the two.

[0051] The present invention may be a system, a method,
and/or a computer program product at any possible technical
detail level of integration. The computer program product
may include a computer readable storage medium (or media)
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having computer readable program instructions thereon for
causing a processor to carry out aspects of the present
invention. The computer readable storage medium can be a
tangible device that can retain and store instructions for use
by an instruction execution device.

[0052] The computer readable storage medium may be,
for example, but is not limited to, an electronic storage
device, a magnetic storage device, an optical storage device,
an electromagnetic storage device, a semiconductor storage
device, or any suitable combination of the foregoing. A
non-exhaustive list of more specific examples of the com-
puter readable storage medium includes the following: a
portable computer diskette, a hard disk, a random access
memory (RAM), a read-only memory (ROM), an erasable
programmable read-only memory (EPROM or Flash
memory), a static random access memory (SRAM), a por-
table compact disc read-only memory (CD-ROM), a digital
versatile disk (DVD), a memory stick, a floppy disk, a
mechanically encoded device such as punch-cards or raised
structures in a groove having instructions recorded thereon,
and any suitable combination of the foregoing. A computer
readable storage medium, as used herein, is not to be
construed as being transitory signals per se, such as radio
waves or other freely propagating electromagnetic waves,
electromagnetic waves propagating through a waveguide or
other transmission media (e.g., light pulses passing through
a fiber-optic cable), or electrical signals transmitted through
a wire.

[0053] Computer readable program instructions described
herein can be downloaded to respective computing/process-
ing devices from a computer readable storage medium or to
an external computer or external storage device via a net-
work, for example, the Internet, a local area network, a wide
area network and/or a wireless network. The network may
comprise copper transmission cables, optical transmission
fibers, wireless transmission, routers, firewalls, switches,
gateway computers, and/or edge servers. A network adapter
card or network interface in each computing/processing
device receives computer readable program instructions
from the network and forwards the computer readable
program instructions for storage in a computer readable
storage medium within the respective computing/processing
device.

[0054] Computer readable program instructions for carry-
ing out operations of the present invention may be assembler
instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions,
microcode, firmware instructions, state-setting data, con-
figuration data for integrated circuitry, or either source code
or object code written in any combination of one or more
programming languages, including an object oriented pro-
gramming language such as Smalltalk, C++, or the like, and
procedural programming languages, such as the “C” pro-
gramming language or similar programming languages. The
computer readable program instructions may execute
entirely on the user’s computer, partly on the user’s com-
puter, as a stand-alone software package, partly on the user’s
computer and partly on a remote computer or entirely on the
remote computer or server. In the latter scenario, the remote
computer may be connected to the user’s computer through
any type of network, including a local area network (LAN)
or a wide area network (WAN), or the connection may be
made to an external computer (for example, through the
Internet using an Internet Service Provider). In some
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embodiments, electronic circuitry including, for example,
programmable logic circuitry, field-programmable gate
arrays (FPGA), or programmable logic arrays (PLA) may
execute the computer readable program instructions by
utilizing state information of the computer readable program
instructions to personalize the electronic circuitry, in order to
perform aspects of the present invention.

[0055] Aspects of the present invention are described
herein with reference to flowchart illustrations and/or block
diagrams of methods, apparatus (systems), and computer
program products according to embodiments of the inven-
tion. It will be understood that each block of the flowchart
illustrations and/or block diagrams, and combinations of
blocks in the flowchart illustrations and/or block diagrams,
can be implemented by computer readable program instruc-
tions.

[0056] These computer readable program instructions may
be provided to a processor of a general purpose computer,
special purpose computer, or other programmable data pro-
cessing apparatus to produce a machine, such that the
instructions, which execute via the processor of the com-
puter or other programmable data processing apparatus,
create means for implementing the functions/acts specified
in the flowchart and/or block diagram block or blocks. These
computer readable program instructions may also be stored
in a computer readable storage medium that can direct a
computer, a programmable data processing apparatus, and/
or other devices to function in a particular manner, such that
the computer readable storage medium having instructions
stored therein comprises an article of manufacture including
instructions which implement aspects of the function/act
specified in the flowchart and/or block diagram block or
blocks.

[0057] The computer readable program instructions may
also be loaded onto a computer, other programmable data
processing apparatus, or other device to cause a series of
operational steps to be performed on the computer, other
programmable apparatus or other device to produce a com-
puter implemented process, such that the instructions which
execute on the computer, other programmable apparatus, or
other device implement the functions/acts specified in the
flowchart and/or block diagram block or blocks.

[0058] The flowchart and block diagrams in the Figures
illustrate the architecture, functionality, and operation of
possible implementations of systems, methods, and com-
puter program products according to various embodiments
of the present invention. In this regard, each block in the
flowchart or block diagrams may represent a module, seg-
ment, or portion of instructions, which comprises one or
more executable instructions for implementing the specified
logical function(s). In some alternative implementations, the
functions noted in the blocks may occur out of the order
noted in the Figures. For example, two blocks shown in
succession may, in fact, be executed substantially concur-
rently, or the blocks may sometimes be executed in the
reverse order, depending upon the functionality involved. It
will also be noted that each block of the block diagrams
and/or flowchart illustration, and combinations of blocks in
the block diagrams and/or flowchart illustration, can be
implemented by special purpose hardware-based systems
that perform the specified functions or acts or carry out
combinations of special purpose hardware and computer
instructions.
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[0059] Although specific embodiments of the present
invention have been described, it will be understood by
those of skill in the art that there are other embodiments that
are equivalent to the described embodiments. Accordingly, it
is to be understood that the invention is not to be limited by
the specific illustrated embodiments, but only by the scope
of the appended claims.

What is claimed is:

1. A computer-implemented method for monitoring neural
activity comprising:

receiving data representing at least one signal represent-

ing neural activity of a test subject;

pre-processing the received data by performing at least

one of band-pass filtering, artifact removal, identifying
common spatial patterns, and temporally segmentation;
processing the pre-processed data by performing at least
one of time domain processing, frequency domain
processing, and time-frequency domain processing;
generating a machine learning model using the processed
data as a training dataset; and

outputting a characterization of the neural activity based

on the machine learning model.

2. The method of claim 1, wherein the artifact removal
comprises:

determining signals representing a plurality of nearest

neighbors of the at least one signal; and

generating a weighted average of the signals of the

plurality of nearest neighbors.
3. The method of claim 2, wherein the identifying com-
mon spatial patterns comprises:
selecting signals that shown a highest variance.
4. The method of claim 3, wherein the time domain
processing comprises performing spindle threshold analysis
by:
setting a threshold at a maximum value;
reducing the threshold repeatedly until the threshold is at
a minimum value; and

detecting a spindle when a region of the data exceeds a
current threshold value for at least a predetermined
amount of time.

5. The method of claim 4, wherein the frequency domain
processing comprises performing power spectrum analysis
using a Fourier transform or a fast Fourier transform.

6. The method of claim 5, wherein the time-frequency
domain processing comprises performing wavelet analysis
using a short time Fourier transform or a wavelet transform.

7. The method of claim 1, further comprising:

storing data related to the characterization of the neural

activity in a database;
receiving additional data representing at least one signal
representing additional neural activity of the test sub-
ject or neural activity of another test subject;

accessing the database using the additional data to deter-
mine whether a corresponding characterization of the
neural activity is found in the database; and

when a corresponding characterization of the neural activ-

ity is found in the database, outputting the correspond-
ing characterization of the neural activity found in the
database.

8. A computer program product for monitoring neural
activity, the computer program product comprising a non-
transitory computer readable storage having program
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instructions embodied therewith, the program instructions
executable by a computer, to cause the computer to perform
a method comprising:

receiving data representing at least one signal represent-

ing neural activity of a test subject;

pre-processing the received data by performing at least

one of band-pass filtering, artifact removal, identifying
common spatial patterns, and temporally segmentation;
processing the pre-processed data by performing at least
one of time domain processing, frequency domain
processing, and time-frequency domain processing;
generating a machine learning model using the processed
data as a training dataset; and

outputting a characterization of the neural activity based

on the machine learning model.

9. The computer program product of claim 8, wherein the
artifact removal comprises:

determining signals representing a plurality of nearest

neighbors of the at least one signal; and

generating a weighted average of the signals of the

plurality of nearest neighbors.

10. The computer program product of claim 9, wherein
the identifying common spatial patterns comprises:

selecting signals that shown a highest variance.
11. The computer program product of claim 10, wherein
the time domain processing comprises performing spindle
threshold analysis by:
setting a threshold at a maximum value;
reducing the threshold repeatedly until the threshold is at
a minimum value; and

detecting a spindle when a region of the data exceeds a
current threshold value for at least a predetermined
amount of time.

12. The computer program product of claim 11, wherein
the frequency domain processing comprises performing
power spectrum analysis using a Fourier transform or a fast
Fourier transform.

13. The computer program product of claim 12, wherein
the time-frequency domain processing comprises perform-
ing wavelet analysis using a short time Fourier transform or
a wavelet transform.

14. The computer program product of claim 8, further
comprising program instructions for:

storing data related to the characterization of the neural

activity in a database;
receiving additional data representing at least one signal
representing additional neural activity of the test sub-
ject or neural activity of another test subject;

accessing the database using the additional data to deter-
mine whether a corresponding characterization of the
neural activity is found in the database; and

when a corresponding characterization of the neural activ-

ity is found in the database, outputting the correspond-
ing characterization of the neural activity found in the
database.

15. A system for determining compliance with a plano-
gram, the system comprising a processor, memory acces-
sible by the processor, and computer program instructions
stored in the memory and executable by the processor to
perform:

receiving data representing at least one signal represent-

ing neural activity of a test subject;
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pre-processing the received data by performing at least
one of band-pass filtering, artifact removal, identifying
common spatial patterns, and temporally segmentation;

processing the pre-processed data by performing at least
one of time domain processing, frequency domain
processing, and time-frequency domain processing;

generating a machine learning model using the processed
data as a training dataset; and

outputting a characterization of the neural activity based

on the machine learning model.

16. The system of claim 15, wherein the artifact removal
comprises:

determining signals representing a plurality of nearest

neighbors of the at least one signal; and

generating a weighted average of the signals of the

plurality of nearest neighbors.
17. The system of claim 16, wherein the identifying
common spatial patterns comprises:
selecting signals that shown a highest variance.
18. The system of claim 17, wherein the time domain
processing comprises performing spindle threshold analysis
by:
setting a threshold at a maximum value;
reducing the threshold repeatedly until the threshold is at
a minimum value; and

detecting a spindle when a region of the data exceeds a
current threshold value for at least a predetermined
amount of time.
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19. The system of claim 18, wherein the frequency
domain processing comprises performing power spectrum
analysis using a Fourier transform or a fast Fourier trans-
form.

20. The system of claim 19, wherein the time-frequency
domain processing comprises performing wavelet analysis
using a short time Fourier transform or a wavelet transform.

21. The system of claim 15, further comprising computer
program instructions for:

storing data related to the characterization of the neural
activity in a database;

receiving additional data representing at least one signal
representing additional neural activity of the test sub-
ject or neural activity of another test subject;

accessing the database using the additional data to deter-
mine whether a corresponding characterization of the
neural activity is found in the database; and

when a corresponding characterization of the neural activ-
ity is found in the database. outputting the correspond-
ing characterization of the neural activity found in the
database.

22. The system of claim 15, wherein the processor,
memory, and computer program instructions are included in
a portable or mobile computing device.

I S T T
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