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SEIZURE ONSET ZONE LOCALIZATION

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims priority to U.S. Application
Ser. No. 62/511,239, filed on May 25, 2017. The disclosure
of the prior application is considered part of the disclosure
of this application, and is incorporated in its entirety into this
application.

STATEMENT AS TO FEDERALLY SPONSORED
RESEARCH

[0002] This invention was made with government support
under HLL105355 awarded by National Institutes of Health.
The government has certain rights in the invention.

BACKGROUND

[0003] One of the most burdensome and prevalent neuro-
logic diseases is epilepsy. It is characterized by the occur-
rence of unprovoked seizures and affects ~1% of the popu-
lation. Most epilepsy patients find relief with medication but
a sizeable minority do not. In such cases options include
among other things, surgical resection, but this option
depends critically on accurate localization of the seizure
onset zone (SOZ). Scalp electroencephalography (EEG) and
Magnetic Resonance Imaging can at present only do so
much to find the seizure onset zone. Gold standard local-
ization involves the implantation of intracranial electrodes
(iIEEG) whereby electrodes are placed directly on the brain
after part of the patient’s skull has been removed; electrodes
remain on or within brain for up to 30 days while the patient
is in the ICU and waits for a sufficient number of seizures to
occur. A trained epileptologist working with fellows and
other neurologists and neurosurgeons determines the SOZ
for a given patient based on a laborious and manual inspec-
tion of iEEG of multiple ictal events.

SUMMARY

[0004] This document describes systems, methods,
devices, and other techniques for determining the location of
a seizure-generating region of the brain of a mammal.

[0005] Some implementations of the subject matter dis-
closed herein include a computer-implemented method. The
method can include obtaining, by a computing system, and
for each of a plurality of sensor channels that each corre-
spond to a respective electroencephalogram (EEG) sensor of
a plurality of EEG sensors disposed at different locations of
a brain of a mammal, a respective set of EEG data for the
sensor channel that represents electrical activity during a
first time interval at a particular location of the brain at
which the EEG sensor that corresponds to the sensor channel
is disposed; segmenting, by the computing system, and for
each of the plurality of sensor channels, the respective set of
EEG data for the sensor channel into a plurality of EEG data
segments that each represent a respective portion of the set
of EEG data for a different sub-interval of a plurality of
sub-intervals that occur during the first time interval; for
each sub-interval of the plurality of sub-intervals and for
each sensor channel of the plurality of sensor channels:
classifying, based at least on information derived from
analyzing the EEG data segment that corresponds to the
sub-interval and the sensor channel, the sensor channel as
one of (i) a normal sensor channel having an EEG sensor

Jun. 11, 2020

that is likely not disposed at or near an epileptogenic region
of the brain, or (ii) an abnormal sensor channel having an
EEG sensor that is likely disposed at or near an epilepto-
genic region of the brain; and updating a value that repre-
sents a current cumulative belief that the sensor channel has
an EEG sensor that is likely, or is likely not, disposed at or
near an epileptogenic region of the brain; and providing, by
the computing system, and for each of one or more of the
plurality of sensor channels, an indication of whether the
sensor channel has an EEG sensor that is likely, or is likely
not, disposed at or near an epileptogenic region of the brain.
[0006] Some implementations of the subject matter dis-
closed herein include a method includes performing an
electroencephalogram (EEG) procedure on a mammal,
including obtaining intracranial EEG data during a first time
interval for each a plurality of sensor channels, each sensor
channel corresponding to a respective EEG sensor disposed
at a location of a brain of the mammal that is different from
the locations at which EEG sensors for other ones of the
plurality of sensor channels are disposed; for each of the
plurality of sensor channels, segmenting the intracranial
EEG data for the sensor channel into a plurality of EEG data
segments that each represent a respective portion of the
intracranial EEG data for a different sub-interval of a plu-
rality of sub-intervals that occur during the first time inter-
val; applying a Bayesian filter to iteratively determine, for
each sensor channel of the plurality of sensor channels, a
classification of the sensor channel as one of (i) a normal
sensor channel having an EEG sensor that is likely not
disposed at or near an epileptogenic region of the brain, or
(ii) an abnormal sensor channel having an EEG sensor that
is likely disposed at or near an epileptogenic region of the
brain; using the classifications of the plurality of sensor
channels, locating a first epileptogenic region of the brain;
and resecting the first epileptogenic region of the brain.

DESCRIPTION OF DRAWINGS

[0007] FIG. 1 shows an example environment in which
intracranial EEG (“iEEG™) data is collected and analyzed to
determine the locations of one or more seizure generating
regions of a brain of a mammal.

[0008] FIG. 2 depicts an example diagram of a brain
having a set of electrodes placed therein.

[0009] FIG. 3 is a block diagram of an example EEG
analysis computing system.

[0010] FIG. 4 shows an example matrix having a set of
iEEG data segments.

[0011] FIG. 5 depicts a flowchart of an example process
for identifying the location of a seizure-generating region of
a brain of a mammal.

[0012] FIG. 6 shows a flow diagram of an example process
for using a Bayesian filter to estimate the true status of a
channel k of iEEG data, i.e., whether the channel corre-
sponds to a sensor located at or near an epileptogenic region
of the brain (an abnormal channel) or whether the channel
corresponds to a sensor located away from an epileptogenic
region of the brain.

[0013] FIG. 7 shows an example of a computing device
and a mobile computing device that can be used to imple-
ment the techniques described herein.

[0014] FIGS. 8A-8D depicts plots of phase amplitude
coupling (PAC), high frequency oscillations (HFO) and
interictal epileptiform discharge (IED) detection. FIG. 8A is
a detailed illustration of the PAC feature extraction algo-
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rithm. Slow (0.1-30 Hz) and high (65-115 Hz) frequency
components are filtered out from the raw signal. Phase of the
slow wave is correlated with the high frequency amplitude
envelope to measure coupling. FIG. 8B is a PAC-gram
representing the average interictal PAC measured between
different frequency bands. Highlighted portion indicates the
low and high frequency bands utilized in rest of our analysis.
FIG. 8C is a pictorial illustration of HFO detection. Oscil-
lations that have an amplitude of three standard deviations
above the mean and lasting for more than one complete
cycle in low gamma (30-60 Hz), high gamma (60-100 Hz)
and ripple (100-150 Hz) bands are detected. FIG. 8D is an
illustration of detected IEDs. Differential amplitude is stan-
dardized and a threshold of four standard deviations around
the mean was used to mark IEDs.

[0015] FIGS. 9A-9F show the overall analytic scheme of
an example SOZ detection technique utilized in the study of
example 1 and specific results from a patient. FIG. 9A shows
a flow diagram depicting the different components of the
algorithm. A 2-hour data segment is divided into 3-second
epochs. PAC, HFO and IED features are extracted in these
epochs and a clustering method is used to classify abnor-
malities (shown in FIG. 9B). Binary observations are
assigned based on biomarker abnormalities and a likelihood
for a channel being in the SOZ is tracked using a Bayesian
filter. FIG. 9B shows classified abnormalities based on PAC
features and the evolution of the respective likelihood prob-
abilities are shown in FIG. 9C. These likelihood probabili-
ties are then compared against the gold standard SOZs to
generate ROC curve (shown in FIG. 9D). A box plot
showing the distribution of the likelihood probabilities
assigned by the algorithm for channels in SOZ and non SOZ.
regions is shown in FIG. 9E. FIG. 9F shows detected SOZ,
detected non SOZ, gold standard SOZ and bad electrodes are
shown in a 3D model brain. The mean of all the likelihood
probabilities was used as the threshold to classify SOZ and
non SOZ electrodes.

[0016] FIGS. 10A-100 depicts plots that show how a
Bayesian filter can provide improvements in AUC for dif-
ferent biomarkers, the AUCs obtained using different bio-
markers showing significant correlation and disagreements
with gold standard SOZ correlates with bad surgical out-
comes. FIG. 10A shows a comparison between the overall
AUCs obtained for each biomarker evaluated with and
without Bayesian filter (BF indicates Bayesian filter was
used). Overall, PAC provided the best AUCs regardless of
the usage of Bayesian filter. Using Bayesian filter, small
improvements were achieved with PAC (p=0.04) and IED
(p=0.04) while the improvement was not significant with
HFO (p=0.27). FIG. 10B shows a cross comparison between
the AUCs obtained with different biomarkers using a
quartile analysis. Overall, there is noticeable correlation
between the AUCs of different biomarkers. AUCs obtained
using PAC were significantly different than HFOs (p=0.
0002) and IEDs (p=0.0006) while the AUCs obtained using
HFOs and IEDs were similar (p=0.76). FIG. 10C shows a
comparison between obtained AUCs and surgical outcomes
(ILAE). Our SOZ detection algorithm, on average, was not
quite successful in the patients who had bad outcomes. This
observation is quite prominent with PAC biomarker and not
so much in the other biomarkers.

[0017] FIGS. 11A-11F show plots of a lightly supervised
technique was devised to pre-select a biomarker that is better
suited for localizing SOZ in a subject specific manner.
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Intuitively, a biomarker that best explains the signal abnor-
malities should be selected to achieve best performance. All
subfigures are derived from a particular test subject. FIG.
11A shows 72-second recording of 6 channels, at the begin-
ning of the analysis segment was selected. FIG. 11B shows
signal abnormalities were manually annotated. PAC (FIG.
11C), HFO (FIG. 11D), and IED (FIG. 11F) features were
extracted for this duration. Marginal and conditional entro-
pies were calculated for all the features based on the
annotations. A large reduction in entropy when conditioned
on the annotations means that the biomarker is significantly
correlated with the annotations. In that regard, for the
particular test subject, IEDs best explain the annotations and
is pre-selected by the algorithm. FIG. 11F plots entropy.
[0018] FIGS. 12A-12D is a table depicting patient infor-
mation and results from the study of example 1. For each
patient, clinical SOZ, number and type(s) of electrodes
implanted, surgical outcome and AUCs obtained using the
described SOZ detection algorithm for PAC, PAC with
Bayesian filter, HFO, HFO with Bayesian filter, IED and
IED with Bayesian filter are reported. G, S, and D denote
grid, strip and depth electrode types. ILAE outcomes range
between 1-6 and N/A represents situations when no respec-
tive surgery was performed. AUC values highlighted in red
denote when using the Bayesian filter improved the local-
ization AUC. FIG. 12A shows a first portion of the table,
FIG. 12B shows a second portion of the table, FIG. 12C
shows a third portion of the table, and FIG. 12D shows a
fourth portion of the table.

[0019] FIG. 13 is a table depicting the results of the
devised biomarker pre-selection technique on a chosen nine
patients. A short recording at the beginning of the analysis
segment was selected for nine patients. Signal abnormalities
were manually annotated and PAC, HFO and IED features
were extracted for this duration. Marginal and conditional
entropies were calculated for all the features based on the
annotations. A large reduction in entropy when conditioned
on the annotations means that the biomarker is significantly
correlated with the annotations. For each patient analyzed,
the biomarker that provided the best AUC (per table in
FIGS. 12A-D), marginal, conditional and reduction in
entropy for PAC, HFO and IED and the selected biomarker
based on the largest reduction in entropy are listed in this
table. Highlighted in red are the maximum reductions in
entropy obtained for each patient as well as when the
preselected biomarker and the biomarker resulted with best
AUC in table from FIGS. 12A-D match.

[0020] Like reference symbols in the various drawings
indicate like elements.

DETAILED DESCRIPTION

[0021] This document describes systems, methods,
devices, and other techniques for determining the location of
a seizure-generating region of the brain of a mammal. The
seizure-generating region is alternately referred to herein as
an epileptogenic region or a seizure-onset zone (“SOZ”).
Surgical removal of seizure-generating brain tissue (i.e.,
resection) can cure epilepsy in patients who do not respond
to medications. However, identifying seizure-generating
regions has proven difficult and unreliable in many
instances, particularly since conventional techniques have
relied on analysis of ictal electroencephalogram (“EEG”)
recordings to localize the seizure-onset zone. Ictal EEG
recordings refer to signals recorded in patients during a
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seizure, which can be expensive and time-consuming to
obtain, since patients are often connected to intracranial
EEG sensors and must wait until one or more seizures occur
to obtain the requisite data that can be analyzed to estimate
the location of the seizure-generating region of the brain.
This paper discusses techniques that, in some implementa-
tions, may at least partially address these shortcomings by
allowing for localization of the seizure-onset zone using
inter-ictal EEG data, which is recorded between epileptic
events (e.g., seizures), rather than during such events. In this
way, patient monitoring may commence shortly after
implantation of the intracranial EEG electrodes, without
needing to wait extended periods for the occurrence of
seizure(s) for collection of ictal EEG data. Moreover, some
implementations of the techniques disclosed herein identify
in EEG data transient events that can be indicative of a
seizure-generating region of the brain using temporal or
frequency-based spectral analysis techniques to determine
values of features that are clinically effective but less com-
putationally expensive than other techniques. Thus, the
techniques herein may be used to carry out localization of
epileptogenic brain region using only inter-ictal EEG data,
rather than as a complement to localization techniques based
on ictal EEG data.

[0022] In general, the techniques disclosed herein include
unsupervised and automatic inter-ictal SOZ localization,
which leverage two empirical observations made from data
relating to the temporal disposition of abnormal events (also
referred to as transient events, these events are inter-ictal
events that tend to occur in the electrical activity of epilep-
togenic brain regions to a greater degree than non-epilepto-
genic regions). First, the techniques leverage the repetitive
(or deterministic) nature of the abnormal events that are
observed in SOZ channels. That is, a sensor channel which
previously exhibited an abnormal event has a high likeli-
hood of exhibiting such events in the future. Accordingly,
the techniques disclosed herein can use a Bayesian filter to
segregate the sensor channels that show a significant degree
of determinism in exhibiting abnormal events from sensor
channels that do not exhibit such degree of determinism.
Second, the techniques herein build upon the observation
that, apart from the rate (e.g., events/minute) of the abnor-
mal events, their temporally synchronized occurrence across
adjacent channels is also a differentiator. Some disclosed
implementations use a grouping strategy based, e.g., on
K-means clustering, to group channels based on the tempo-
ral similarity of abnormal events.

[0023] Referring now to FIG. 1, an example environment
100 is shown in which intracranial EEG (“iEEG”) data is
collected and analyzed to determine the locations of one or
more seizure generating regions of a brain 102 of a mammal
(e.g., a human). A set of EEG electrodes 108a-# are placed
at various locations within the brain 102. Each EEG elec-
trode 108 is configured to monitor the electrical activity of
the brain 102 in a region at or near the electrode 108 and to
transmitting a wired or wireless signal that is representative
of the detected electrical activity to the EEG sensing hub
104. The number of electrodes 108 disposed within the brain
102 may vary, but may for example be in the range of 14 to
512 electrodes. In some implementations, absolute locations
of the electrodes 108 in the brain 102 are mapped and/or the
locations of the electrodes 108 relative to each other are
mapped to allow determination of the approximate bound-
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aries of an epileptogenic region based on which sensors are
determined to be located at or near the epileptogenic region.
[0024] The EEG sensing hub 104 receives signals from
each of the electrodes 108a-n. The respective signal received
from each of the sensors 108a-» corresponds to a unique
sensor channel. The hub 104 may process signals over many
sensor channels at once to allow for parallel collection,
recording, and processing of EEG sensor data. In some
implementations, the hub 104 performs one or more pre-
processing operations before EEG data for each of the
sensor channels is provided to the EEG analysis computing
system 106. For example, the hub 104 may amplify and filter
the raw signals detected by electrodes 108a-». The hub 104
may digitize the signals and normalize them as well. The hub
104 can also generate EEG data segments by splitting a
continuous stream of EEG data into small chunks that each
corresponds to EEG data collected over a short time interval
(e.g., between 2-5 seconds, and preferably about 3 seconds).
In some implementations, the EEG sensing hub 104 is
physically and/or logically separate from the EEG analysis
computing system 106. In other implementations, the hub
104 is physically and/or logically part of the computing
system 106.

[0025] The EEG analysis computing system 106 may be
implemented as one or more computers in one or more
locations. In general, the system 106 can be configured to
process EEG data (e.g., IEEG data obtained based on signals
from electrodes 1084-#) to determine which sensor channels
correspond to electrodes that are likely located at or near an
epileptogenic brain region, and which sensor channels are
not. For simplicity, this document sometimes refers to sensor
channels having sensors that are located away from an
epileptogenic region as ‘normal’ channels, and sensor chan-
nels having sensors that are located at or near an epilepto-
genic region as ‘abnormal’ channels. Sometimes the classi-
fication of a sensor channel as normal or abnormal takes
made based on analysis of an EEG data segment within a
particular epoch (sub-interval of time), but the classification
of the channel for that epoch is an intermediate or non-final
classification made according to the observation of data for
that epoch (e.g., whether the data segment for the epoch
contains an abnormal/transient event associated with a sei-
Zure-generating region). A cumulative belief may be itera-
tively updated by processing EEG data segments across a
series of many epochs to determine a final estimated clas-
sification of each channel’s status as a normal or abnormal
channel that likely does not, or likely does, respectively,
have an electrode disposed within an epileptogenic region of
the brain. Further detail concerning the EEG analysis com-
puting system 106 is discussed with respect to FIG. 3.
[0026] FIG. 2 depicts an example diagram of a brain 200
having a set of electrodes, e.g.. electrodes 108a-n, placed
therein. The electrodes are disposed at different locations of
the brain 200 so as to enable the identification of seizure-
generating region. For example, the electrodes within region
202 (indicated by the dashed oval) may be classified as
abnormal by an EEG analysis computing system based, for
example, on the identification of frequent abnormal inter-
ictal events at local regions near these electrodes. The
electrodes located outside of the boundary of region 202 are
classified as normal and thus correspond to non-seizure
onset zones of the brain 200.

[0027] FIG. 3 is a block diagram of an example EEG
analysis computing system 302. The system 302 may be
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implemented as one or more computers in one or more
locations. In some implementations, the system 302 is
configured in a like manner to system 106 from FIG. 1. The
system 302 can include one or more of a data interface 304,
a pre-processor 318, a segmentation engine 306, an event
detector 310, a modeling apparatus 324, a report and visu-
alization module 320, an SOZ boundary mapper 308, and a
patient monitor and seizure prediction module 322. Each of
the components may implemented, for example, based on a
combination of computer hardware and software.

[0028] The data interface 304 is configured to receive
baseline EEG data (e.g., iEEG data) from an external
sensing hub (e.g. hub 104) or from EEG electrodes directly.
The pre-processor 318 processes the baseline EEG data to
generate pre-processed EEG data that is suitable for further
processing by other components of the system 302. The
segmentation engine 306 divides the respective stream of
EEG data for each sensor channel into a segments of EEG
data, where each segment for a given channel includes EEG
data for a particular epoch (sub-interval) of the stream. The
segmentation engine 306 can generate an EEG data matrix
such as the matrix 400 depicted in FIG. 4. In some imple-
mentations, the EEG data is split into segments of fixed
sub-intervals of time such as 1, 2, 3, 4, or 5 seconds.

[0029] The event detector 310 is configured to process
segments of EEG data for one or more channels within a
given epoch and to classify the respective sensor channels
that correspond to the processed data segments as normal or
abnormal. The classification can be based, for example, on
whether an abnormal event is detected in a data segment that
is associated with epileptic activity. A feature selector 312
configures the event detector 310 to classify sensor channels
based on values of one or more features specified by the
selector 312. The features may be selected based on user
input received to the feature selector 312 that indicates
which features should be applied in a given circumstance.
Different features may be selected, for example, based on
characteristics of the patient, based on the quantity of
available data, based on validation of the reliability of
different features over time, or a combination of these. For
instance, the feature selector 312 may select among power-
in-band, high-frequency oscillations, inter-ictal spikes,
phase amplitude coupling, ora combination of these and
other features. The feature detector 314 analyzes the EEG
data segment for a given channel to determine values for one
or more features of the portion of the EEG represented by
the data segment. The values are determined for the features
indicated by the feature selector 312.

[0030] Power-in-band features can be extracted as wave-
let, Hilbert, or short-time Fourier transform (SIFT) spectral
powers in the frequency bands Delta (0-3 Hz), Low-Theta
(3-6 Hz), High-Theta (6-9 Hz), Alpha (9-14 Hz), Beta
(14-25 Hz), Low-Gamma (30-55 Hz), High-Gamma (65-115
Hz), and Ripple (>125 Hz). Inter-ictal spikes can be char-
acterized as brief (e.g., <250 millisecond) morphologically
defined events observed in the EEGs of patients predisposed
to spontaneous seizures of focal onset. The spikes are
generated by the synchronous discharges of a group of
neurons in a region referred to as the epileptic focus.
Phase-amplitude coupling represents the higher amplitude,
low frequency oscillations of the brain which are believed to
modulate long-distance communication between different
areas in the brain by regulating the excitability of smaller
scale ensembles. The phase of these slow waves can affect
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the HFO. PAC facilitates effective interactions between
neurons that have a similar phase preference, synchronizing
firing of neurons at high frequencies. HFO is as an electro-
physiologically detectable oscillation with a central fre-
quency between, e.g., 30-600 Hz. The high frequency oscil-
lations (HFOs) are essentially all those above 30 Hz. They
are transient, possessing multiple ‘turns’ sinusoidal in
nature. These events can occur on the order of a few dozen
milliseconds and occur spontaneously in the hippocampus,
during slow wave sleep primarily, and can also be seen in the
neocortex.

[0031] Generally, the same features are selected to evalu-
ate all EEG data segments for a patient across all the
channels and epochs, but different features may be selected
in different sessions (e.g., for different patients). The clas-
sifier 316 processes the determined values of the features to
classify channels as normal or abnormal based on whether
the carresponding EEG data segments for the channels are
determined to exhibit an abnormal event, as indicated by the
values of the one or more features for the data segments. In
some implementations, a sensor channel is classified as
normal or abnormal based on whether its corresponding
EEG segment has a feature value that satisfies a threshold
value. In some implementations, a sensor channel is classi-
fied as normal or abnormal based on an unsupervised
clustering technique that groups channels using, e.g.,
K-means clustering, according to the determined feature
values for the EEG data segments of the corresponding
channel.

[0032] For each epoch in a series of epochs, the event
detector 310 determines a classification for each sensor
channel. At each epoch, the modeling apparatus 324 then
obtains the classifications for the sensor channels at the
epoch and updates current belief data 328 based on these
classifications. The current belief data 328 is iteratively
updated after each epoch and represents a cumulative belief
as to the statuses (normal or abnormal) of each channel
based on an initial belief and the classifications at each
previous epoch through the current epoch The modeling
apparatus 324 maintains a data repository 326 that indicates
the belief of each channel’s status at a preceding epoch and
maintains a data repository 328 that indicates the belief of
each channel’s status at the current epoch. In some imple-
mentations, beliefs are indicated by a numerical score that
represents a probability (or other likelihood) that a sensor
channel is a normal or abnormal channel. After the data
segments for the final epoch within an analysis window has
been processed, the current belief data can indicate final
likelihoods of each sensor channel having an electrode
disposed at or near an epileptogenic brain region. In some
implementations, the modeling apparatus 324 implements a
Bayesian filter to iteratively update the current belief data at
each time epoch.

[0033] In some implementations, the system 302 includes
a report and visualization module 320. The module 320 can
generate reports indicating, for example, the final classifi-
cation of each sensor channel as normal or abnormal, and/or
the numerical scores indicating the likelihood of each chan-
nel being normal or abnormal. The system 302 can further
include an SOZ boundary mapper 308. The boundary map-
per 308 identifies data indicating the spatial location of each
EEG electrode in the brain, and obtains final classifications
for each sensor channel from the modeling apparatus 324.
The mapper 308 then correlates these data to determine the
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physical locations and/or boundaries of a seizure-generating
region of the brain. For example, the seizure-generating
region may span the smaller detection regions associated
with a group of adjacent intra-cranial electrodes correspond-
ing to sensor channels that were finally classified as abnor-
mal. In some implementations, a diagram of the brain and
the detection region (e.g., a 2D or 3D diagram) may be
generated and displayed to the user or included in a report
from the module 320.

[0034] The system 302 can also include a patient monitor
and seizure prediction module 322. Whereas the event
detector 310 and modeling apparatus 324 are configured to
process inter-ictal EEG data to determine the location of
epileptogenic region of a brain, the module 322 is configured
to analyze inter-ictal EEG data to predict when an epileptic
event (e.g., a seizure) will occur. In some implementations,
the modeling apparatus 324 can provide to the module 322
an indication of which sensor channels are classified as
abnormal. The module 322 can use the classifications to
affect a manner in which the seizure predictions are made.
For example, the module 322 may select to monitor and
analyze only EEG data received over the abnormal channels
when making predictions. Alternatively, the weight assigned
to events detected in abnormal channels may be skewed
relative to the weight assigned to events detected in normal
channels when making predictions that an epileptic event
will occur.

[0035] FIG. 4 shows an example iIEEG data matrix 400.
The matrix 400 includes a set of iEEG data segments. The
matrix 400 can be generated by a segmentation engine, e.g.,
segmentation engine 306. The matrix 400 has m rows and n
columns. Fach row provides segments of EEG data from a
different sensor channel. Each column provides segments of
EEG data from a different epoch. For example, the first
epoch (column 1) may represent the first three seconds of
recorded iEEG data during an analysis interval, the second
epoch (column 2) may represent the next three seconds of
recorded 1EEG data during the analysis interval, and so on.
FEach segment can be represented by a coordinate that
identifies its position in the matrix 400 by row and column.
[0036] FIG. 5 depicts a flowchart of an example process
500 for identifying the location of a seizure-generating
region of a brain of a mammal. In some implementations, the
process 500 is performed by an EEG analysis computing
system, such as systems 106 or 302 (although resection in
stage 524, and certain other steps may be performed by a
human).

[0037] At stage 502, the system obtains k channels of
baseline iEEG data. The baseline iFEG data may represent
electrical activity of the brain recorded over a first time
interval. The first time interval may be, in the range of 15
minutes to 8 hours, for example, and is preferably in the
range of 1.5 hours to 3 hours, e.g., 2 hours. Each channel
carries iEEG data from a corresponding electrode disposed
at the brain of a subject. At stage 504, the system pre-
processes the baseline iEEG data, and at stage 506, the
system temporally divides the data for each channel into a
set of iIEEG data segments. A data segment can be generated
for each channel at each sub-interval (epoch) of the first time
interval.

[0038] The process 500 may iteratively update a current
belief as to the status (e.g., normal or abnormal) of each of
the sensor channels. A first iteration begins at stage 508,
where the data segments of the sensor channels for an initial
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epoch is selected. At stage 510, the system analyzes the
respective data segment for each channel at the initial epoch
to determine values for one or more features of the data
segment. At stage 512, the system then clusters the sensor
channels by generating groups of channels based on simi-
larities of the feature values for the corresponding data
segments at the selected epoch. A first cluster (or set of
clusters) of sensor channels can be designated as abnormal
sensor channels based on one or more criteria. The remain-
ing clusters can be designated as normal sensor channels.
These classifications form an observation each of the sensor
channels at the current epoch, which is used to update the
current belief of the true classifications of the channels
(stage 516). In some implementations, the system imple-
ments a Bayesian filter to update the current belief of the true
classification of each channel based on a prior belief for the
channel and the observation of the classification at the
current time step.

[0039] At stage 518, the system checks whether the end of
the first time interval has been reached or if data segments
for additional epochs remain to be processed. If additional
epochs remain, the system selects the data segments for the
next epoch at stage 520, and continues processing from stage
510. Once the data segments for the final epoch have been
processed, the system proceeds to stage 522 and outputs an
indication of the final belief of the true classification of one
or more of the sensor channels. For example, the system may
generate a report that identifies which sensor channels are
determined to likely correspond to EEG sensors disposed at
or near an epileptogenic brain region (i.e., the abnormal
sensor channels). In some implementations, the system may
provide for display on an electronic display device a 2D or
3D model of the brain showing the locations of monitored
electrodes, which electrodes are classified as normal or
abnormal, and/or the boundaries of the determined epilep-
togenic brain region. The output can be applied to various
ends. For example, at stage 524, a surgeon may use the
indication of the location of the epileptogenic region to
perform a surgery to resect this region of the brain from a
patient. In some implementations, at stage 526, the system
monitors abnormal channels to predict seizure onset, e.g,,
with a patient monitor and seizure prediction module 322.

[0040] FIG. 6 shows a flow diagram of an example process
600 for using a Bayesian filter to estimate the true status of
a channel k of iEEG data, i.e., whether the channel corre-
sponds to a sensor located at or near an epileptogenic region
of the brain (an abnormal channel) or whether the channel
corresponds to a sensor located away from an epileptogenic
region of the brain. The channel’s true state (whether
channel k is in SOZ or not) is denoted by X(k), and the initial
belief about (k) is denoted by my(k). The observation Y, (k)
at an epoch n is used to iteratively update rt, (k). The current
belief after N epochs, mmy(k), is used to estimate the true state.
The estimate true state is represented by X(k).

[0041] FIG. 7 shows an example of a computing device
700 and a mobile computing device that can be used to
implement the techniques described herein. The computing
device 700 is intended to represent various forms of digital
computers, such as laptops, desktops, workstations, personal
digital assistants, servers, blade servers, mainframes, and
other appropriate computers. The mobile computing device
is intended to represent various forms of mobile devices,
such as personal digital assistants, cellular telephones,
smart-phones, and other similar computing devices. The
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components shown here, their connections and relation-
ships, and their functions, are meant to be exemplary only,
and are not meant to limit implementations of the inventions
described and/or claimed in this document.

[0042] The computing device 700 includes a processor
702, a memory 704, a storage device 706, a high-speed
interface 708 connecting to the memory 704 and multiple
high-speed expansion ports 710, and a low-speed interface
712 connecting to a low-speed expansion port 714 and the
storage device 706. Each of the processor 702, the memory
704, the storage device 706, the high-speed interface 708,
the high-speed expansion ports 710, and the low-speed
interface 712, are interconnected using various busses, and
may be mounted on a common motherboard or in other
manners as appropriate. The processor 702 can process
instructions for execution within the computing device 700,
including instructions stored in the memory 704 or on the
storage device 706 to display graphical information for a
GUI on an external input/output device, such as a display
716 coupled to the high-speed interface 708. In other imple-
mentations, multiple processors and/or multiple buses may
be used, as appropriate, along with multiple memories and
types of memory. Also, multiple computing devices may be
connected, with each device providing portions of the nec-
essary operations (e.g., as a server bank, a group of blade
servers, or a multi-processor system).

[0043] The memory 704 stores information within the
computing device 700. In some implementations, the
memory 704 is a volatile memory unit or units. In some
implementations, the memory 704 is a non-volatile memory
unit or units. The memory 704 may also be another form of
computer-readable medium, such as a magnetic or optical
disk.

[0044] The storage device 706 is capable of providing
mass storage for the computing device 700. In some imple-
mentations, the storage device 706 may be or contain a
computer-readable medium, such as a floppy disk device, a
hard disk device, an optical disk device, or a tape device, a
flash memory or other similar solid state memory device, or
an array of devices, including devices in a storage area
network or other configurations. The computer program
product may also contain instructions that, when executed,
perform one or more methods, such as those described
above. The computer program product can also be tangibly
embodied in a computer- or machine-readable medium, such
as the memory 704, the storage device 706, or memory on
the processor 702.

[0045] The high-speed interface 708 manages bandwidth-
intensive operations for the computing device 700, while the
low-speed interface 712 manages lower bandwidth-inten-
sive operations. Such allocation of functions is exemplary
only. In some implementations, the high-speed interface 708
is coupled to the memory 704, the display 716 (e.g., through
a graphics processor or accelerator), and to the high-speed
expansion ports 710, which may accept various expansion
cards (not shown). In the implementation, the low-speed
interface 712 is coupled to the storage device 706 and the
low-speed expansion port 714. The low-speed expansion
port 714, which may include various communication ports
(e.g., USB, Bluetooth, Ethernet, wireless Ethernet) may be
coupled to one or more input/output devices, such as a
keyboard, a pointing device, a scanner, ora networking
device such as a switch or router, e.g., through a network
adapter.
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[0046] The computing device 700 may be implemented in
a number of different forms, as shown in the figure. For
example, it may be implemented as a standard server 720, or
multiple times in a group of such servers. In addition, it may
be implemented in a personal computer such as a laptop
computer 722. It may also be implemented as part of a rack
server system 724. Alternatively, components from the com-
puting device 700 may be combined with other components
in a mobile device (not shown), such as a mobile computing
device 750. Each of such devices may contain one or more
of the computing device 700 and the mobile computing
device 750, and an entire system may be made up of multiple
computing devices communicating with each other.

[0047] The mobile computing device 750 includes a pro-
cessor 752, a memory 764, an input/output device such as a
display 754, a communication interface 766, and a trans-
ceiver 768, among other components. The mobile comput-
ing device 750 may also be provided with a storage device,
such as a micro-drive or other device, to provide additional
storage. Bach of the processor 752, the memory 764, the
display 754, the communication interface 766, and the
transceiver 768, are interconnected using various buses, and
several of the components may be mounted on a common
motherboard or in other manners as appropriate.

[0048] The processor 752 can execute instructions within
the mobile computing device 750, including instructions
stored in the memory 764. The processor 752 may be
implemented as a chipset of chips that include separate and
multiple analog and digital processors. The processor 752
may provide, for example, for coordination of the other
components of the mobile computing device 750, such as
control of user interfaces, applications run by the mobile
computing device 750, and wireless communication by the
mobile computing device 750.

[0049] The processor 752 may communicate with a user
through a control interface 758 and a display interface 756
coupled to the display 754. The display 754 may be, for
example, a TFT (Thin-Film-Transistor Liquid Crystal Dis-
play) display or an OLED (Organic Light Emitting Diode)
display, or other appropriate display technology. The display
interface 756 may comprise appropriate circuitry for driving
the display 754 to present graphical and other information to
a user. The control interface 758 may receive commands
from a user and convert them for submission to the processor
752. In addition, an external interface 762 may provide
communication with the processor 752, so as to enable near
area communication of the mobile computing device 750
with other devices. The external interface 762 may provide,
for example, for wired communication in some implemen-
tations, or for wireless communication in other implemen-
tations, and multiple interfaces may also be used.

[0050] The memory 764 stores information within the
mobile computing device 750. The memory 764 can be
implemented as one or more of a computer-readable
medium or media, a volatile memory unit or units, or a
non-volatile memory unit or units. An expansion memory
774 may also be provided and connected to the mobile
computing device 750 through an expansion interface 772,
which may include, for example, a SIMM (Single In Line
Memory Module) card interface. The expansion memory
774 may provide extra storage space for the mobile com-
puting device 750, or may also store applications or other
information for the mobile computing device 750. Specifi-
cally, the expansion memory 774 may include instructions to
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carry out or supplement the processes described above, and
may include secure information also. Thus, for example, the
expansion memory 774 may be provide as a security module
for the mobile computing device 750, and may be pro-
grammed with instructions that permit secure use of the
mobile computing device 750. In addition, secure applica-
tions may be provided via the SIMM cards, along with
additional information, such as placing identifying informa-
tion on the SIMM card in a non-hackable manner.

[0051] The memory may include, for example, flash
memory and/or NVRAM memory (non-volatile random
access memory), as discussed below. The computer program
product contains instructions that, when executed, perform
one or more methods, such as those described above. The
computer program product can be a computer- or machine-
readable medium, such as the memory 764, the expansion
memory 774, or memory on the processor 752. In some
implementations, the computer program product can be
received in a propagated signal, for example, over the
transceiver 768 or the external interface 762.

[0052] The mobile computing device 750 may communi-
cate wirelessly through the communication interface 766,
which may include digital signal processing circuitry where
necessary. The communication interface 766 may provide
for communications under various modes or protocols, such
as GSM voice calls (Global System for Mobile communi-
cations), SMS (Short Message Service), EMS (Enhanced
Messaging Service), or MMS messaging (Multimedia Mes-
saging Service), CDMA (code division multiple access),
TDMA (time division multiple access), PDC (Personal
Digital Cellular), WCDMA (Wideband Code Division Mul-
tiple Access), CDMA2000, or GPRS (General Packet Radio
Service), among others. Such communication may occur, for
example, through the transceiver 768 using a radio-fre-
quency. In addition, short-range communication may occur,
such as using a Bluetooth, WiFi, or other such transceiver
(not shown). In addition, a GPS (Global Positioning System)
receiver module 770 may provide additional navigation- and
location-related wireless data to the mobile computing
device 750, which may be used as appropriate by applica-
tions running on the mobile computing device 750.

[0053] The mobile computing device 750 may also com-
municate audibly using an audio codec 760, which may
receive spoken information from a user and convert it to
usable digital information. The audio codec 760 may like-
wise generate audible sound for a user, such as through a
speaker, e.g., in a handset of the mobile computing device
750. Such sound may include sound from voice telephone
calls, may include recorded sound (e.g., voice messages,
music files, etc.) and may also include sound generated by
applications operating on the mobile computing device 750.
[0054] The mobile computing device 750 may be imple-
mented in a number of different forms, as shown in the
figure. For example, it may be implemented as a cellular
telephone 780. It may also be implemented as part of a
smart-phone 782, personal digital assistant, or other similar
mobile device.

[0055] Various implementations of the systems and tech-
niques described here can be realized in digital electronic
circuitry, integrated circuitry, specially designed ASICs (ap-
plication specific integrated circuits), computer hardware,
firmware, software, and/or combinations thereof. These
various implementations can include implementation in one
or more computer programs that are executable and/or
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interpretable on a programmable system including at least
one programmable processor, which may be special or
general purpose, coupled to receive data and instructions
from, and to transmit data and instructions to, a storage
system, at least one input device, and at least one output
device.

[0056] These computer programs (also known as pro-
grams, software, software applications or code) include
machine instructions for a programmable processor, and can
be implemented in a high-level procedural and/or object-
oriented programming language, and/or in assembly/ma-
chine language. As used herein, the terms machine-readable
medium and computer-readable medium refer to any com-
puter program product, apparatus and/or device (e.g., mag-
netic discs, optical disks, memory, Programmable Logic
Devices (PLDs)) used to provide machine instructions and/
or data to a programmable processor, including a machine-
readable medium that receives machine instructions as a
machine-readable signal. The term machine-readable signal
refers to any signal used to provide machine instructions
and/or data to a programmable processor.

[0057] To provide for interaction with a user, the systems
and techniques described here can be implemented on a
computer having a display device (e.g., a CRT (cathode ray
tube) or LCD (liquid crystal display) monitor) for displaying
information to the user and a keyboard and a pointing device
(e.g., a mouse or a trackball) by which the user can provide
input to the computer. Other kinds of devices can be used to
provide for interaction with a user as well; for example,
feedback provided to the user can be any form of sensory
feedback (e.g., visual feedback, auditory feedback, or tactile
feedback); and input from the user can be received in any
form, including acoustic, speech, or tactile input.

[0058] The systems and techniques described here can be
implemented in a computing system that includes a back end
component (e.g., as a data server), or that includes a middle-
ware component (e.g., an application server), or that
includes a front end component (e.g., a client computer
having a graphical user interface or a Web browser through
which a user can interact with an implementation of the
systems and techniques described here), or any combination
of such back end, middleware, or front end components. The
components of the system can be interconnected by any
form or medium of digital data communication (e.g., a
communication network). Examples of communication net-
works include a local area network (LAN), a wide area
network (WAN), and the Internet.

[0059] The computing system can include clients and
servers. A client and server are generally remote from each
other and typically interact through a communication net-
work. The relationship of client and server arises by virtue
of computer programs running on the respective computers
and having a client-server relationship to each other.
[0060] In situations in which the systems, methods,
devices, and other techniques here collect personal infor-
mation (e.g., context data) about users, or may make use of
personal information, the users may be provided with an
opportunity to control whether programs or features collect
user information (e.g., information about a user’s social
network, social actions or activities, profession, a user’s
preferences, or a user’s current location), or to control
whether and/or how to receive content from the content
server that may be more relevant to the user. In addition,
certain data may be treated in one or more ways before it is



US 2020/0178832 A1

stored or used, so that personally identifiable information is
removed. For example, a user’s identity may be treated so
that no personally identifiable information can be deter-
mined for the user, or a user’s geographic location may be
generalized where location information is obtained (such as
to acity, ZIP code, or state level), so that a particular location
of a user cannot be determined. Thus, the user may have
control over how information is collected about the user and
used by a content server.

Example Implementation 1

[0061] This example delineates a study of a semi-super-
vised technique that attempts at subject-specific (e.g.,
patient-specific) feature selection and demonstrates its effi-
cacy on a set of chosen patients. Apart from these, results of
the study indicate that utilizing a Bayesian filter and tem-
poral grouping strategy on top of a selected feature, on
average, improves the localization of SOZ (epileptogenic
brain region) accuracy regardless of the biomarker (e.g.,
feature) used.

[0062] Experimental Setup.

[0063] All subjects provided informed consent. Subjects
underwent intracranial depth electrode implantation as part
of their evaluation for epilepsy surgery when non-invasive
studies could not adequately localize the origin of seizure
generation (SOZ).

[0064] Subjects.

[0065] Data from eighty-two subjects with focal and mul-
tifocal epilepsy were investigated by post hoc analysis. All
subjects were implanted with intracranial depth arrays,
grids, and/or strips; each depth array consisted of either 4 or
8 electrodes; each grid consisted of at least 24 contacts, and
each strip at least four contacts; subjects were transferred to
multiple days/nights intensive care unit (ICU) monitoring.
[0066] Electrodes and Anatomical Localization.

[0067] Depth electrodes arrays (AD-TECH MEDICAL
Inc, Racine, Wis.) were 4 and 8 contact clinical depth
electrode arrays consisting of a 1.3 mm diameter polyure-
thane shaft with Platinum/Iridium (Pt/Ir) clinical macroelec-
trode contacts; each contact is 2.3 mm long with 10 mm
center-to-center spacing (surface area 9.4 mm2 and imped-
ance 200-500 Ohms). Grids and strips in medically refrac-
tory epilepsy patients are 2.5 mm diameter of exposed
surface and with spacing at 1 em from center to center on
adjacent contacts. Anatomical localization of electrodes was
achieved using post-implant CT data and co-registered to the
patient’s MRI space using normalized mutual Information.
Electrode coordinates were then automatically labeled by
SPM ANATOMY toolbox.

[0068] Signal Recordings.

[0069] All iEEG data were acquired with a common
reference using a NEURALYNX CHEETAH electrophysi-
ology system (9 kHz antialiasing analog filter, digitized at 32
kHz sampling rate, filtered by low pass zero phase shift 1
kHz antialiasing filter and downsampled to 5 kHz).

[0070] Clinical SOZ Localization.

[0071] The SOZ electrodes and time of seizures were
determined by identifying the electrodes with the earliest
iEEG seizure discharge. Seizure onset times and zones were
determined by visual identification of a clear electrographic
seizure discharge, followed by a look back in the iEEG
recordings for the earliest electroencephalographic change
contiguously associated with the seizure. A similar approach
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was used for identification of neocortical SOZ. These SOZ
electrodes were used as the gold standard to validate rest of
the analyses.

[0072]

[0073] Prior to analysis, continuous scalp and intracranial
EEG recordings were reviewed. Channels and time seg-
ments containing significant artifacts or seizures were
excluded from subsequent analysis. If an epileptiform spike
was found on any channel, the data of all channels for that
interval were omitted from analysis. In average, 1.3% of
signal was omitted due to detected epileptiform spike activ-
ity. Furthermore, all iEEG recordings were filtered at 0 Hz
and 60 Hz to remove artifacts due to DC and power-line
interference.

[0074]

[0075] Phase-amplitude coupling (PAC) measure is
extracted by correlating instantaneous phase of a low fre-
quency signal and amplitude of a high frequency signal for
a given set low and high frequency bands (FIG. 8A). In this
implementation, low and high frequency contents in the
signal are extracted using wavelet filters and all frequency
bands are correlated against all others to create a so-called
PAC-gram (FIG. 8B). Based on the observed high PAC
content and existing literature, 0.1-30 Hz was chosen as the
low frequency (modulating) signal and 65-115 Hz was
chosen the high frequency (modulated) signal in the rest of
the analysis. High-frequency oscillations (HFOs) were
detected using a Hilbert transform-based technique. The
data segments were bandpass filtered for every 1-Hz band
step from 50 to 500 Hz. Then, the filtered-data frequency
bands were normalized (z-score) and the segments where the
signal amplitudes were three standard deviations above the
mean for a duration of one complete cycle of a respective
high frequency (50-500 Hz) were marked as HFOs (FIG.
8C). IEDs were extracted using a previously validated spike
detection algorithm and detected events were stored in a
database. A detection threshold of four standard deviations
around the (of differential amplitude) mean was utilized to
mark IEDs in this algorithm (FIG. 8D).

[0076]

[0077] A two-hour interictal segment, sufficiently sepa-
rated from seizures, was chosen for each patient to represent
a monitoring duration that could be achieved during surgery.
These two-hour iEEG recordings were divided into non-
overlapping three-second epochs. A three-second epoch
length was chosen to accommodate at least a single transient
electrophysiologic event (in the form of PAC, HFO or IED)
that could be associated with the seizure onset zone. PAC,
HFO and IED biomarkers were extracted to measure the
strength of their presence in each three-second epoch. Based
on the measured strength of a biomarker in a three-second
recording of a channel, a binary observation (normal or
abnormal) was assigned to that channel based on a clustering
algorithm. FIG. 11A illustrates the observations made from
a two-hour recording of iIEEG acquired using 66 channels
from a selected patient. These observations made across a
two-hour period were used to infer if a channel belonged to
seizure onset zone, using an iterative filtering technique
commonly known as Bayesian filtering. FIG. 11B shows the
evolution of likelihood probabilities generated by the filter-
ing algorithm over the same two-hour EEG segment for all
electrodes. This whole process is illustrated as a flow
diagram in F1G. 9A, whereas the placement of all electrodes,

Data Pre-Processing.

Feature Extraction.

Analytic Scheme.
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SOZ electrodes identified by the present method and the
gold-standard SOZ electrodes for this patient are shown in
FIG. 2 in 3D brain model.

[0078] Clustering.

[0079] A clustering algorithm was used to group channels
into two groups (normal and abnormal) based on the
strength of biomarker measured in each epoch. This step
encapsulates the spatial correlation between the channels
that show similar pathophysiologic activity. Apart from
transient electrophysiologic events relevant to SOZs, there
could also be artifacts in the form of muscle and eye artifacts
or physiologic transients, which may contribute to cluster
assignment. However, since the real-time filtering process
sets apart the channels with consistent abnormal behavior,
this artifact contribution to any SOZ determination would be
minimized. Furthermore, if multiple seizure generating
regions exist, it is conceivable that they would present as
similar to each other but sufficiently disparate from normal
brain regions; hence they would consistently be captured in
the abnormal cluster.

[0080] Since all the features utilized in this study are one
dimensional, Jenks natural breaks algorithm was used to find
the threshold to separate normal and abnormal clusters. See
Jenks, G. F., 1967. The data model concept in statistical
mapping. International yearbook of cartography, 7(1), pp.
186-190. Since it is conceivable that a higher valued mea-
surement of a biomarker would likely be an event associated
with SOZ, the cluster with a larger cluster center value was
chosen as the abnormal cluster. Channels were assigned an
observation (0 or 1) based on the class they were grouped
into. Furthermore, two distinct clusters may not exist in
some epochs due to the absence of relevant transient elec-
trophysiologic events. Since the clustering method finds two
classes regardless, a goodness of clustering metric is defined
to check the validity of the clustering result. The goodness
of clustering metric is defined as the quantity

where S denotes the sum of squared distances of all the data
points from their mean and S_ denotes the sum of squared
distances of the data points from their respective cluster
centers. G ranges between [0,1] with 0 indicating bad and 1
indicating good clustering. In the present method, the clus-
ters are regarded as valid clusters only when the condition
G>0.5 is met.

[0081] Bayesian Filtering.

[0082] A Bayesian filters is used to estimate the present
state of a dynamic system based on noisy real-time mea-
surements. This form of belief propagation takes a system’s
previous states and current observation into account and
estimates a plausible present state. Hence, this technique is
able to utilize the repetitive nature of abnormal transient
events while determining SOZ channels. With certain
assumptions, it is possible to estimate the present state of the
system using the previous state estimate and current obser-
vation.

[0083] Suppose that inter-ictal iEEG data is recorded from
a patient through M channels. Initially, this data is dis-
cretized by dividing the recording duration into N epochs.
Fach channel has a true state X(k), taking values in [0,1].
The system interprets the event {X(k)=0} as channel k not
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being in the SOZ and the event {X(k)=1} as channel k being
in the SOZ. Based on the observation at epoch n, channel k
is assigned a value Y,,(k), taking values in {0,1} with 0 and
1 representing normal and abnormal events respectively. The
study also denotes the observation of channel k from epoch
1tonas Y,”(k). It can be shown that the likelihood of
{X(k)=1} after observing channel k for n continuous epochs,
denoted as m,(k), is given as

(1= O,y (A ®)

) T s W 4 (11 001~y G0

[0084] Where m, (k) denotes the belief at epoch n-1,
6€]0,1] denotes the expected bias of channel k for being in
SOZ and 2 is the likelihood ratio defined as

1+0
1-6
[0085] Results.
[0086] The study investigated the contributions of PAC,

HFO rate and inter-ictal epileptiform discharges (IED) rate
as features in determining SOZ using the filtering process
involving feature clustering and Bayesian filtering. First,
these biomarkers were extracted in the three-second epochs
and observations were assigned to all the channels based on
the clustering result. Second, these observations were uti-
lized in the Bayesian filter model to iteratively update the
likelihood of a channel being in the SOZ. Third, the likeli-
hood probabilities at the end of the filtering process were
compared against clinician-determined SOZ to plot ROC
curves and thus evaluate the combined efficacy of a particu-
lar biomarker and the method. In order to understand the
separate contributions of the filtering process in addition to
the biomarkers, the study performed another experiment. In
this experiment, biomarkers were extracted in the three-
second epochs and these measures were summed over 2400
epochs to generate likelihoods of the channels being in SOZ.
Likelihood probabilities were generated by normalizing the
likelihoods resulted from this process. ROC curves were
plotted in a similar manner to evaluate this approach. The
Area Under ROC curve (AUC) metrics for all the analyzed
subjects are listed in Table 1 columns 6-11 for PAC, PAC
with Bayesian filter, HFO, HFO with Bayesian filter, IED
and IED with Bayesian filter respectively. See FIGS. 10A-C
and 12A-D.

[0087] The study tested the statistical significances of the
different results using a two-tailed paired t-test, whose
results are shown in FIG. 10A. Overall, PAC was, on
average, significantly better than other conventional bio-
markers in interictally localizing SOZ (7% higher AUC).
Whereas, although Bayesian filter based algorithm slightly
improved the AUCs with HFOs and IEDs, the improvement
was prominent particularly when it was utilized with PAC.
Furthermore, the study involved statistical tests to compare
the AUCs obtained using the different biomarkers whose
results are shown in FIG. 10B. Based on the statistical tests,
it appears that the AUCs obtained using the three biomarkers
possess a consistent trend; i.e., the patients whose SOZs
were most accurately localized by a biomarker X, also
obtained very high accuracies when evaluated with other
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biomarkers. Regardless, the AUCs obtained using PAC were
significantly different than those obtained using HFOs or
IEDs as biomarkers (p-value 0.0001, 0.0005) and the AUCs
obtained using HFOs and IEDs showed significant correla-
tion, which is resembled in the p-value measure of 0.76 for
a two-tailed paired t-test. Apart from this, the study also
evaluated the correlation between disagreements with the
gold standard and surgical outcomes based on ILAE scores.
In other words, a significant correlation between lower
AUCs and higher ILAE scores would mean that there are
additional channels which might have been in the SOZ but
not resected. The study evaluated this by comparing the
AUCs for the groups of patients who had excellent and
significantly worsened surgical outcomes. FIG. 10C shows
the ranges of AUCs obtained for the groups of patients who
had ILAE scores of 1, 2 (excellent outcomes) and 5, 6
(warsened outcomes). An inverse correlation between AUCs
and surgical outcomes observed with PAC suggests that
using PAC biomarker to detect SOZ might provide an
alternative or complementary information to assist epilepsy
surgery. However, HFO and IED did not show any signifi-
cant correlation between AUCs and surgical outcomes.

[0088] Pre-selection of patient specific electrophysiologic
biomarkers. It is evident from the table that extends across
FIGS. 12A-D that investigated biomarkers may not be
universally applicable for the task of interictal SOZ local-
ization. Knowledge of the ground truth is required in order
to select a patient-specific biormarker. Since this knowledge
is not generally available at the time of electrode implanta-
tion, this is an extremely difficult problem. Here the study
describe a partly supervised technique, which can achieve
this with minimal expert supervision and moderate accuracy.
A group of nine patients was selected to demonstrate this
technique, which consists of three subgroups (three patients
in each subgroup), for whom different biomarkers (PAC,
HFO and IED) provided the best accuracy in SOZ localiza-
tion. A short iEEG recording (approximately 1 minute long),
at the beginning of the analysis segment used in the prior
analysis, was chosen for each patient and transient electro-
physiological events were annotated for every three-second
epoch in the chosen recording. FIG. 11A shows the record-
ing selected for patient 458 with few transient electrophysi-
ological events, which are annotated in FIG. 11B. PAC, HFO
rate and IED rate measures were calculated in the three-
second epochs resembling the present original methodology.
An example is shown in FIGS. 11C, 11D, and 11E, which
display the features PAC, HFO and IED extracted for the
recording showed in FIG. 11A. The marginal entropies and
conditional entropies (conditioned on the annotations) were
calculated, for each biomarker within this short recording. A
large reduction in the conditional entropy of a biomarker
would mean that this biomarker explains the annotations
better than the other biomarkers. From the table of FIGS.
12A-D, IEDs provided the best AUC for the case of patient
458. FI1G. 11F, which shows the reductions in conditional
entropy for the three biomarkers investigated, also concurs
with result as IED obtained the largest reduction. This
analysis was performed for the selected nine patients, the
results of which are reported in the table of FIG. 13. This
method is able to correctly identify the best suited biomarker
for six out of nine patients indicating that pre-selection of
patient specific biomarkers could be feasible in large scale.
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Discussion

[0089] The current study describes the results from use of
an unsupervised algorithm which utilizes Bayesian Filtering,
feature clustering, and multiple feature input of iEEG data
with clinical hardware configurations. The study verified the
correlation of the present algorithm’s outputs and SOZ, and
assessed the feasibility using this algorithm to locate SOZ
during mixed sleep/wake behavioral states in patients with
temporal and extratemporal lobe epilepsy. The results of the
present study indicate that the utilization of Bayesian Fil-
tering of iEEG and unsupervised clustering is capable of
identifying the SOZ in an efficient manner, and could be
employed for automatic or semi-automated SOZ localiza-
tion in clinical practice.
[0090] The study evaluated High Frequency Oscillations
as a feature to capture the most widely used inter-ictal
biomarkers of epileptic brain, as well as older biomarkers
(Interictal Epileptiform Discharges) and newer (phase
amplitude coupling). The results of the present study indi-
cate that the integration of spectral characteristics of the
iEEG and unsupervised clustering along with Bayesian
filtering could be employed for automatic SOZ localization
in a clinical setting. The study analyzed human iEEG data
recorded using a high sampling acquisition platform, the
study was able to reliably identify SOZ using the present
approach, supporting the assumption that the individual
biomarkers provided as input are good indicators for the
epileptogenic zone. When the spatial distribution of the
entire feature group was used, a SOZ identification accuracy
with AUC of 0.76 for Bayesian filtered PAC was observed.
[0091] The Prognostic Value of Bayesian Filtering of
iEEG and Multiple Features
[0092] Using 120 min baselines and PI data, the algorithm
satisfactorily localized SOZ in 75 of 82 patients (defined by
AUC>0.6 with at least one of the utilized features), and
localized with greater than 0.7 AUC in 64 of 82 patients,
where it can be taken to mean that spatial distribution was
closely overlapped with the electrodes that were placed over
the regions where the seizures were thought to originate per
epileptologist evaluation, suggesting the good prognostic
value of this automated technique. Bayesian Filtering
improved localization potential in at least one feature in all
but 7 patients. Additionally, utilization of Bayesian filter is
more likely to be useful when there is inherent randomness
in the observations, than in a situation where the observa-
tions are less random. This is revealed in the present results
where the impact of using Bayesian filter was significant
when used with PAC and not so with HFO and IED. In this
study, utilized PAC measurements were real valued and
HFO and IED measurements were discrete valued (HFO and
IED rates).
[0093] Although various implementations have been
described in detail above, other modifications are possible.
In addition, the logic flows depicted in the figures do not
require the particular order shown, or sequential order, to
achieve desirable results. In addition, other steps may be
provided, or steps may be eliminated, from the described
flows, and other components may be added to, or removed
from, the described systems. Accordingly, other implemen-
tations are within the scope of the following claims.

What is claimed is:

1. A computer-implemented method, comprising:

obtaining, by a computing system, and for each of a

plurality of sensor channels that each correspond to a



US 2020/0178832 A1

respective electroencephalogram (EEG) sensor of a
plurality of EEG sensors disposed at different locations
of a brain of a mammal, a respective set of EEG data
for the sensor channel that represents electrical activity
during a first time interval at a particular location of the
brain at which the EEG sensor that corresponds to the
sensor channel is disposed;

segmenting, by the computing system, and for each of the

plurality of sensor channels, the respective set of EEG

data for the sensor channel into a plurality of EEG data

segments that each represent a respective portion of the

set of EEG data for a different sub-interval of a plurality

of sub-intervals that occur during the first time interval;

for each sub-interval of the plurality of sub-intervals and

for each sensor channel of the plurality of sensor

channels:

classifying, based at least on information derived from
analyzing the FEG data segment that corresponds to
the sub-interval and the sensor channel, the sensor
channel as one of (i) a normal sensor channel having
an EEG sensor that is likely not disposed at or near
an epileptogenic region of the brain, or (ii) an
abnormal sensor channel having an EEG sensor that
is likely disposed at or near an epileptogenic region
of the brain; and

updating a value that represents a current cumulative
belief that the sensor channel has an EEG sensor that
is likely, or is likely not, disposed at or near an
epileptogenic region of the brain; and

providing, by the computing system, and for each of one

or more of the plurality of sensor channels, an indica-
tion of whether the sensor channel has an EEG sensor
that is likely, or is likely not, disposed at or near an
epileptogenic region of the brain.

2. The computer-implemented method of claim 1,
wherein a total number of sensor channels in the plurality of
sensor channels is in the range 14 through 512.

3. The computer-implemented method of any of claims 1
through 2, wherein a total length of the first time interval is
in the range 1 minute through 120 minutes.

4. The computer-implemented method of any of claims 1
through 3, wherein a total length of each sub-interval in the
plurality of sub-intervals is in the range 3 seconds through
30 seconds.

5. The computer-implemented method of claim 4,
wherein all of the sub-intervals in the plurality of sub-
intervals have an equal length.

6. The computer-implemented method of any of claims 1
through 5, wherein the plurality of EEG sensors are intrac-
ranial EEG sensors.

7. The computer-implemented method of any of claims 1
through 6, wherein the mammal is a human.

8. The computer-implemented method of any of claims 1
through 7, wherein for each sub-interval of the plurality of
sub-intervals and for each sensor channel of the plurality of
sensor channels, classifying the sensor channel:
comprises determining whether the EEG data segment that
corresponds to the sub-interval and the sensor channel
indicates occurrence of a transient event;

if the EEG data segment that corresponds to the sub-

interval and the sensor channel does not indicate occur-
rence of a transient event, classifying the sensor chan-
nel as a normal sensor channel; and
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if the EEG data segment that corresponds to the sub-
interval and the sensor channel indicates occurrence of
a transient event, classifying the sensor channel as an
abnormal sensor channel.

9. The computer-implemented method of any of claims 1
through 8, wherein for each sub-interval of the plurality of
sub-intervals, classifying the sensor channels comprises:

for each sensor channel of the plurality of sensor chan-

nels, determining values for one or more features of the
EEG data segment that corresponds to the sub-interval
and the sensor channel;

based on the values for the one or more features of the

EEG data segments that correspond to the sub-interval,
clustering the plurality of sensor channels into multiple
clusters of sensor channels;

classifying the sensor channels in a first subset of the

multiple clusters of sensor channels as being normal
sensor channels; and

classifying the sensor channels in a second subset of the

multiple clusters of sensor channels as being abnormal
sensor channels.

10. The computer-implemented method of claim 9,
wherein the one or more features of the EEG data segment
comprise at least one of power-in-bands, high-frequency
oscillation, inter-ictal spikes, phase amplitude coupling.

11. The computer-implemented method of any of claims
1 through 10, wherein for each sub-interval of the plurality
of sub-intervals and for each sensor channel of the plurality
of sensor channels, updating the value that represents the
current cumulative belief that the sensor channel has an EEG
sensor that is likely, or is likely not, disposed at or near an
epileptogenic region of the brain comprises applying a
Bayesian filter to update the value.

12. The computer-implemented method of any of claims
1 through 11, wherein for each sub-interval of the plurality
of sub-intervals after an initial sub-interval, and for each
sensor channel of the plurality of sensor channels, updating
the value that represents the current cumulative belief that
the sensor channel has an EEG sensor that is likely, or is
likely not, disposed at or near an epileptogenic region of the
brain comprises adjusting the value that represents the
current cumulative belief based on at least (i) a second value
that represents the cumulative belief at a preceding sub-
interval that the sensor channel has an EEG sensor that is
likely, or is likely not, disposed at or near an epileptogenic
region of the brain and (ii) the classification of the sensor
channel as either a normal sensor channel or as an abnormal
sensor channel at the current sub-interval.

13. The computer-implemented method of any of claims
1 through 12, further comprising determining boundaries of
an epileptogenic region of the brain using indications of
which sensor channels of the plurality of sensor channels
have EEG sensors that are likely disposed at or near the
epileptogenic region of the brain.

14. The computer-implemented method of any of claims
1 through 13, further comprising resecting an epileptogenic
region of the brain that is located using indications of which
sensor channels of the plurality of sensor channels have
EEG sensors that are likely disposed at or near the epilep-
togenic region of the brain.

15. The computer-implemented method of any of claims
1 through 14, further comprising using indications of which
sensor channels of the plurality of sensor channels have
EEG sensors that are likely disposed at or near the epilep-



US 2020/0178832 A1

togenic region of the brain to select a subset of the plurality
of sensor channels to monitor during a process that is to
predict occurrence of an epileptic event.

16. The computer-implemented method of claim 15,
wherein the epileptic event is a seizure.

17. The computer-implemented method of any of claims
1 through 16, wherein the plurality of sub-intervals span an
entirety of the first time interval.

18. The computer-implemented method of any of claims
1 through 17, wherein the providing occurs after having
iteratively updated the value that represents the current
cumulative belief for all the sub-intervals in the plurality of
sub-intervals.

19. A computing system comprising:

one or more processors; and

one or more computer-readable media having instructions

stored thereon that, when executed by the one or more
processors, cause performance of operations compris-
ing:
obtaining and for each of a plurality of sensor channels
that each correspond to a respective electroencepha-
logram (EEG) sensor of a plurality of EEG sensors
disposed at different locations of a brain of a mam-
mal, a respective set of EEG data for the sensor
channel that represents electrical activity during a
first time interval at a particular location of the brain
at which the EEG sensor that corresponds to the
sensor channel is disposed,
segmenting, by the computing system, and for each of
the plurality of sensor channels, the respective set of
EEG data for the sensor channel into a plurality of
EEG data segments that each represent a respective
portion of the set of EEG data for a different sub-
interval of a plurality of sub-intervals that occur
during the first time interval;
for each sub-interval of the plurality of sub-intervals
and for each sensor channel of the plurality of sensor
channels:
classifying, based at least on information derived
from analyzing the EEG data segment that corre-
sponds to the sub-interval and the sensor channel,
the sensor channel as one of (i) a normal sensor
channel having an EEG sensor that is likely not
disposed at or near an epileptogenic region of the
brain, or (ii) an abnormal sensor channel having
an EEG sensor that is likely disposed at or near an
epileptogenic region of the brain; and
updating a value that represents a current cumulative
belief that the sensor channel has an EEG sensor
that is likely, or is likely not, disposed at or near
an epileptogenic region of the brain; and
providing, by the computing system, and for each of
one or more of the plurality of sensor channels, an
indication of whether the sensor channel has an EEG
sensor that is likely, or is likely not, disposed at or
near an epileptogenic region of the brain.

20. One or more non-transitory computer-readable media
having instructions stored thereon that, when executed by
one or more processors, cause performance of operations
comprising:

obtaining, by a computing system, and for each of a

plurality of sensor channels that each correspond to a
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respective electroencephalogram (EEG) sensor of a
plurality of EEG sensors disposed at different locations
of a brain of a mammal, a respective set of EEG data
for the sensor channel that represents electrical activity
during a first time interval at a particular location of the
brain at which the EEG sensor that corresponds to the
sensor channel is disposed;
segmenting, by the computing system, and for each of the
plurality of sensor channels, the respective set of EEG
data for the sensor channel into a plurality of FEG data
segments that each represent a respective portion of the
set of EEG data for a different sub-interval of a plurality
of sub-intervals that occur during the first time interval;
for each sub-interval of the plurality of sub-intervals and
for each sensor channel of the plurality of sensor
channels:
classifying, based at least on information derived from
analyzing the EEG data segment that corresponds to
the sub-interval and the sensor channel, the sensor
channel as one of (i) a normal sensor channel having
an EEG sensor that is likely not disposed at or near
an epileptogenic region of the brain, or (ii) an
abnormal sensor channel having an EEG sensor that
is likely disposed at or near an epileptogenic region
of the brain; and
updating a value that represents a current cumulative
belief that the sensor channel has an EEG sensor that
is likely, or is likely not, disposed at or near an
epileptogenic region of the brain; and
providing, by the computing system, and for each of one
or more of the plurality of sensor channels, an indica-
tion of whether the sensor channel has an EEG sensor
that is likely, or is likely not, disposed at or near an
epileptogenic region of the brain.
21. A method comprising:
performing an electroencephalogram (EEG) procedure on
a mammal, including obtaining intracranial EEG data
during a first time interval for each a plurality of sensor
channels, each sensor channel corresponding to a
respective EEG sensor disposed at a location of a brain
of the mammal that is different from the locations at
which EEG sensors for other ones of the plurality of
sensor channels are disposed;
for each of the plurality of sensor channels, segmenting
the intracranial EEG data for the sensor channel into a
plurality of EEG data segments that each represent a
respective portion of the intracranial EEG data for a
different sub-interval of a plurality of sub-intervals that
occur during the first time interval;
applying a Bayesian filter to iteratively determine, for
each sensor channel of the plurality of sensor channels,
a classification of the sensor channel as one of (i) a
normal sensor channel having an EEG sensor that is
likely not disposed at or near an epileptogenic region of
the brain, or (ii) an abnormal sensor channel having an
EEG sensor that is likely disposed at or near an
epileptogenic region of the brain;
using the classifications of the plurality of sensor chan-
nels, locating a first epileptogenic region of the brain;
and
resecting the first epileptogenic region of the brain.
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