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SYSTEM AND METHOD FOR CLASSIFYING
TIME SERIES DATA FOR STATE
IDENTIFICATION

TECHNICAL FIELD

[0001] The following relates, generally, to signal process-
ing; and more particularly, to a system and method for
classifying time series data for state identification.

BACKGROUND

[0002] Invarious applications, small footprint and/or com-
pact computing systems, such as embedded systems, may be
required to record data in a low power manner. An example
of this type of requirement on such a system is with an
implantable medical device, such as an implantable neural
device or implantable cardiac pacemaker. In the case of the
implantable neural device, such devices are often tasked
with finding brain states through a process that relies on
understanding long-term trends in data. However, storing
long-term data typically requires a relatively large memory,
so some devices are typically limited to storing approxi-
mately less than 10 seconds of data. In some devices,
recorded neural signals are stored in memory, then typically
the data is windowed into time epochs. Windows are then
compared to find increases or decreases in the signal.
However, window-based approaches are typically limited by
the relatively small capacity memory, and as such, typically
can lose long-term signal characteristics.

SUMMARY

[0003] In an aspect, there is provided a computer-imple-
mented method for classifying time series data for state
identification, the time series data comprising a series of
samples, the method comprising: training a machine learn-
ing model to classify occurrences of the state by classifying
a representative feature vector, using a respective training
set, the respective training set comprising feature vectors of
the time series data labelled with occurrences of the state;
receiving a new time series data stream; determining
whether a current sample in the new time series data stream
is an occurrence of the state by determining a classified
feature vector, the classified feature vector determined by
passing the current sample and samples in at least one
continuous sampling window into the trained machine learn-
ing model, each continuous sampling window comprising
one or more preceding samples from the time series data, an
epoch for each respective continuous sampling window
determined according to a respective exponential decay rate;
and outputting the determination of whether the current
sample is an occurrence of the state.

[0004] In a particular case, each continuous sampling
window is recursively defined based on the epoch of a
previous iteration of the respective window subtracted by
the respective decay rate multiplied by the epoch of such
previous iteration.

[0005] In another case, the at least one continucus sam-
pling window comprises at least two continuous sampling
windows, the epoch of each of the continuous sampling
windows are defined by a different exponential decay rate.
[0006] In yet another case, each exponential decay rate is
a reciprocal of a power of 2.

[0007] In yet another case, each exponential decay rate is
in the range of ¥ to 1/(2'°).

Aug. 15,2019

[0008] 1In yet another case, each epoch is on the order of
minutes or less.
[0009] In yet another case, the state vector machine learn-

ing model uses one of linear, polynomial and radial-basis
fanction (RBF) kernels.

[0010] In yet another case, the at least one continuous
sampling window comprises a plurality of continuous sam-
pling windows organized into at least two banks of continu-
ous sampling windows, each bank comprising at least one
continuous sampling window, the continuous sampling win-
dows in each bank having a different exponential decay rate
than the continuous sampling windows in the other banks.
[0011] In yet another case, the time series data comprises
physiological signals and the state comprises a physiological
event.

[0012] In yet another case, the time series data comprises
electroencephalography (EEG) signals and the state com-
prises one or more onset biomarkers associated with a
seizure.

[0013] In another aspect, there is provided a system for
classifying time series data for state identification, the sys-
tem comprising one or more processors and one or more
memory units, the one or more memory units storing the
time series data comprising a series of samples, the one or
more processors in communication with the one or more
memory units and configured to execute: a training module
for training a machine learning model to classify occur-
rences of the state by classifying a representative feature
vector, using a respective training set, the respective training
set comprising feature vectors of the time series data
labelled with occurrences of the state; an input module for
receiving a new time series data stream comprising a plu-
rality of samples; an exponential decay module for defining
at least one continuous sampling window, each continuous
sampling window comprising one or more samples from the
time series data preceding a current sample, an epoch for
each respective continuous sampling window determined
according to a respective exponential decay rate; a support
vector module for determining whether a current sample in
the new time series data stream is an occurrence of the state
by determining a classified feature vector, the classified
feature vector determined by passing the current sample and
samples in the at least one continuous sampling window into
the trained machine learning model; and an output module
for outputting the determination of whether the current
sample is an occurrence of the state.

[0014] In a particular case, each continuous sampling
window is recursively defined based on the epoch of a
previous iteration of the respective window subtracted by
the respective decay rate multiplied by the epoch of such
previous iteration.

[0015] In another case, the at least one continuous sam-
pling window comprises at least two continuous sampling
windows, the epoch of each of the continuous sampling
windows are defined by a different exponential decay rate.
[0016] In yet another case, each exponential decay rate is
a reciprocal of a power of 2.

[0017] In yet another case, each exponential decay rate is
in the range of ¥ to 1/(2'°).

[0018] In yet another case, each epoch is on the order of
minutes or less.
[0019] In yet another case, the state vector machine learn-

ing model uses one of linear, polynomial and radial-basis
function (RBF) kernels.
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[0020] In yet another case, the exponential decay module
defines a plurality of continuous sampling windows orga-
nized into at least two banks of continuous sampling win-
dows, each bank comprising at least one continuous sam-
pling window, the continuous sampling windows in each
bank having a different exponential decay rate than the
continuous sampling windows in the other banks.

[0021] In yet another case, the time series data comprises
physiological signals and the state comprises a physiological
event.

[0022] In yet another case, the time series data comprises
electroencephalography (EEG) signals captured by elec-
trodes in communication with the system, and the state
comprises one or more onset biomarkers associated with a
seizure.

[0023] These and other aspects are contemplated and
described herein. It will be appreciated that the foregoing
summary sets out representative aspects of the system and
method to assist skilled readers in understanding the fol-
lowing detailed description.

DESCRIPTION OF THE DRAWINGS

[0024] A greater understanding of the embodiments will
be had with reference to the Figures, in which:

[0025] FIG. 1 shows a block diagram of an embodiment of
a system for classifying time series data for state identifi-
cation, according to an embodiment;

[0026] FIG. 2 shows a flowchart for a method for classi-
fying time series data for state identification, according to an
embodiment;

[0027] FIG. 3 shows an example system architecture for
an implantable neural interface processor (NURIP);

[0028] FIG. 4 illustrates an exemplary autoencoder neural
network for spatial filtering and finite impulse response
(FIR) spectral filtering;

[0029] FIG. 5A illustrates an exemplary conventional win-
dows classifier in comparison with an exponentially decay-
ing memory (EDM) classifier;

[0030] FIG. 5B illustrates an exemplary multi-variate fea-
ture extraction array connected to an exponentially decaying
memory support vector machine (SVM), which are then
connected to an SVM classifier;

[0031] FIG. 6 illustrates an exemplary representation of
the performance of NURIP’s EDM implementation;
[0032] FIG. 7 illustrates an exemplary system on chip
(SoC) micrograph;

[0033] FIG. 8 illustrates another exemplary SoC micro-
graph;
[0034] FIG. 9 shows an example microserver system using

the system of FIG. 1; and
[0035] FIG. 10 shows an exemplary experiment for detect-
ing seizures using the system of FIG. 1.

DETAILED DESCRIPTION

[0036] For simplicity and clarity of illustration, where
considered appropriate, reference numerals may be repeated
among the Figures to indicate corresponding or analogous
elements. In addition, numerous specific details are set forth
in order to provide a thorough understanding of the embodi-
ments described herein. However, it will be understood by
those of ordinary skill in the art that the embodiments
described herein may be practised without these specific
details. In other instances, well-known methods, procedures
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and components have not been described in detail so as not
to obscure the embodiments described herein. Also, the
description is not to be considered as limiting the scope of
the embodiments described herein.

[0037] Various terms used throughout the present descrip-
tion may be read and understood as follows, unless the
context indicates otherwise: “or” as used throughout is
inclusive, as though written “and/or”; singular articles and
pronouns as used throughout include their plural forms, and
vice versa; similarly, gendered pronouns include their coun-
terpart pronouns so that pronouns should not be understood
as limiting anything described herein to use, implementa-
tion, performance, etc. by a single gender. Further defini-
tions for terms may be set out herein; these may apply to
prior and subsequent instances of those terms, as will be
understood from a reading of the present description.
[0038] Any module, unit, component, server, computer,
terminal or device exemplified herein that executes instruc-
tions may include or otherwise have access to computer
readable media such as storage media, computer storage
media, or data storage devices (removable and/or non-
removable) such as, for example, magnetic disks, optical
disks, or tape. Computer storage media may include volatile
and non-volatile, removable and non-removable media
implemented in any method or technology for storage of
information, such as computer readable instructions, data
structures, program modules, or other data. Examples of
computer storage media include RAM, ROM, EEPROM,
flash memory or other memory technology, CD-ROM, digi-
tal versatile disks (DVD) or other optical storage, magnetic
cassettes, magnetic tape, magnetic disk storage or other
magnetic storage devices, or any other medium which can be
used to store the desired information and which can be
accessed by an application, module, or both. Any such
computer storage media may be part of the device or
accessible or connectable thereto. Further, unless the context
clearly indicates otherwise, any processor or controller set
out herein may be implemented as a singular processor or as
a plurality of processors. The plurality of processors may be
arrayed or distributed, and any processing function referred
to herein may be carried out by one or by a plurality of
processors, even though a single processor may be exem-
plified. Any method, application or module herein described
may be implemented using computer readable/executable
instructions that may be stored or otherwise held by such
computer readable media and executed by the one or more
processors,

[0039] Embodiments described herein generally provide a
system and method for neural interfacing.

[0040] Applicant has determined that various advantages
may be achieved with the embodiments described herein
using an array of hardware approximators for moving aver-
age filters, where portions of new data are incorporated into
a single register, and previous values decay exponentially. In
this way, advantageously, trends in neural signals ranging
from years to seconds can be stored on an implanted device
without requiring large and power-inefficient electronic
memory. The embodiments described herein are intended to
allow for various advantages; for example, reducing the size
and cost of implantable brain state classifiers, reducing
power requirements for devices, enabling implicit storage of
long-term data with low footprint, and enabling more accu-
rate and efficient time series classification. With respect to
implantable neural devices, the embodiments described
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herein are intended to enable higher performance brain state
classification with fewer false positives and more true posi-
tives, and allow implicit storage of long-term data without
the need for large, expensive, and power inefficient memo-
ries.

[0041] While the following embodiments may refer to
implantable neural devices in applications for seizure neu-
romodulation, it will be appreciated that the exponentially
decaying memory (EDM) techniques described herein can
be used in various suitable computing devices, for example,
other implantable medical devices. Generally, the embodi-
ments described herein relate to the classification of time
series data for state identification; for example, seizures in
epilepsy, tremors in Parkinson’s disease, neurological arte-
facts due to Alzheimer’s disease, or the like. It is appreciated
that the embodiments described herein with respect to
classifying time series data can be applied to any suitable
field involving time-series classification; for example, voice
recognition, financial data analysis, or the like.

[0042] Distinguishing seizure activity from normal brain
activity can be a difficult task because of potentially great
variation in seizure morphology. As described herein,
machine learning enables the utilization of large volumes of
patient recordings to accurately distinguish pathological
from physiological activity. Thus, allowing for responsive
closed-loop neuromodulation which can proactively detect
and inhibit the onset of seizures. In such an approach,
supervised learning models can be utilized to maintain low
false-detection rates for improved power efficiency and
reduced side-effects. However, the use of supervised learn-
ing classifiers for seizure detection can expose a class
imbalance problem which arises from a lack of ictal record-
ings compared to large volumes of inter-ictal data. Further-
more, supervised classification systems, in some cases, can
require accurate data labeling, and can be vulnerable to the
human error in annotating complex EEG recordings.

[0043] The somewhat limited success in the pharmaco-
logic treatment of epileptic syndromes has aroused an
increasing interest in the possibility of stopping seizures
with brief direct electrical intracerebral stimulation. Support
for the possible success of electrical perturbations in pre-
venting seizures is based on the assumption that if the
dynamics of the abnormal synchrony that characterizes
paroxysms is perturbed by stimulations, then the ictus may
notappear, or will be forced to stop if already initiated. Thus,
the implementation of “minimal” (short duration, low fre-
quencies and intensities) perturbations to stop the transition
from the preictal activity to the ictal, convulsive event by a
precisely timed brief stimulation is a highly beneficial
solution. Contrary to the current deep brain or vagus nerve
stimulation paradigms that use intermittent (continuous)
stimulation, present embodiments stimulate when a parox-
ysm is about to occur, using an on-demand feedback stimu-
lation method based on real-time analysis of brain signals
that detects a precursor of paroxysms, and implements a
brief (e.g., 5 second) stimuli to stop the transition to the ictal
event. Generally, an abnormal oscillation originates from an
epileptogenic zone (often in hippocampus in temporal lobe
epilepsy), which may disrupt theta wave (and others) syn-
chromzation with the other hippocampus. Over time, this
focal oscillation spreads and often propagates contralaterally
and develops a paroxysmal discharge. A feedback stimulator
could disrupt the local epileptic oscillation and abort the
seizure development.
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[0044] The following terminology is used in the present
disclosure. “Paroxysms™ are any abnormal electrographic
activities (e.g., having a duration of greater than or equal to
10 seconds) associated with relatively high frequency and
amplitude of spikes. When no apparent behavioral altera-
tions are observed at the time of an electrographic paroxysm,
the term “nonconvulsive paroxysm” is used, whereas the
expression “convulsive paroxysm” is used if an abnormal
behavior is observed concomitant with abnormal electro-
graphic recording. The “paroxysm onset” is defined as the
time when the amplitude of the electrographic recording in
the paroxysm becomes greater than twice the standard
deviation of the baseline activity. The “early paroxysm
detection time” is the time between the detection of the
seizure precursor and the paroxysm onset. The “preictal
period” is defined as 1 minute before the paroxysm onset,
and the “interictal period” is the time between the end of one
paroxysm and the preictal of the next. The convulsive
paroxysms are defined according to the Racine scale (class
1II to class 1V), whereas the nonconvulsive paroxysms are
class I or class II seizures.

[0045] Activity in EEG signal frequency bands can be
used to categorize irregular neural recordings. Such events
include electrographic seizure onsets and interictal dis-
charges (I1Ds). This assessment is generally based on tem-
poro-spectral changes such as low-voltage fast activity in
intracranial electroencephalogram (IEEG) seizure onset. In
the present embodiments, in order to provide a technological
solution to capture such changes, Exponentially Decaying
Memory (EDM) is presented as a hardware efficient mecha-
nism to represent temporal feature characteristics for
machine learning. In an embodiment described herein, an
unsupervised learning based One-class Support Vector
Machine (OC-SVM) can be used. This approach can navi-
gate the technical problems related to class imbalance and
data labeling by, for example, learning to distinguish normal
neural activity from segments of clinical interest. In a
particular case, irregular recording periods indicated by the
OC-SVM can be reviewed by a user, such as an epileptolo-
gist, enabling ictal data to be labelled and accumulated over
time. With increasing volumes of data, specialized super-
vised learning classifiers can be trained more effectively for
closed-loop applications.

[0046] Generally, chronic neural recording implants expe-
rience considerable signal variability over time, leading to a
gradual degradation of classifier performance. Thus, con-
tinuous model re-training is generally necessary to adapt to
changing physiological recording conditions and maximize
the treatment eflicacy. However, this can be impractical to
perform on an implantable device as power-consumption is
a primary consideration to reduce both heat dissipation and
the risks associated with battery replacement surgery. In an
embodiment, there is provided a patient-localized micros-
erver that can communicate with an implanted device to
enable incremental training. In some cases, data recorded by
the device can be sent to the server and processed by an
FPGA-accelerated OC-SVM. iEEG segments which are
considered irregular are archived and sent to a remote
epileptologist for review. Once an assessment is made, the
microserver can re-train the model to be uploaded to the
implanted device.

[0047] In adiagrammatic example illustrated in FIG. 9, an
example system is shown implemented using a Xilinx Zynq
SoC. In this example, a dedicated dual-core CPU hosts an
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on-chip Linux operating system (OS) which runs in parallel
with the FPGA fabric. SVM training can be performed on
the microserver with encrypted patient data maintained on
USB storage. A TCP/IP implementation allows data to be
streamed wirelessly from a compatible neuromodulation
device. To reduce the implanted device’s power require-
ments for data transmission, raw samples can be sent rather
than higher dimensional features. In most cases, this requires
feature extraction to be replicated on the microserver. Com-
munication with a remote EEG analyst is supported via, for
example, an ethernet network interface. In an example,
feature extraction and machine learning accelerators can be
implemented on the FPGA fabric.

[0048] To detect anomalous activity in neural signals,
spectral energy in physiological signal bands can be used to
label electrographic events. Signal bands of interest can be
extracted by passing recorded samples through parallel
bandpass filters for, for example, Delta (<4 Hz), Theta (4-8
Hz), Alpha (8-13 Hz), Beta (13-30 Hz) and Gamma (30-60
Hz) bands. In this example, a 256-tap Type-1 FIR filter can
be used for each band with a symmetric impulse response,
allowing coeflicient multiplications to be shared. Fach iIEEG
channel can be processed sequentially and filter states are
stored in block RAM (BRAM) between sample processing.
For each band, the absolute value of each output sample can
be taken as a measure of signal energy. This approximation
of instantaneous energy can be accumulated over a time
window to generate a temporo-spectral measure of the
signal.

[0049] To capture temporal evolution of machine learning
features, such as signal energy, some approaches use a
windowing approach where contiguous time epochs are
concatenated to form a feature vector to be classified. Using
this approach, it is possible to learn temporal differences
between windows for events such as seizure onset. However,
window-based approaches have several limitations in per-
formance and hardware efficiency. As an example, process-
ing larger windows requires proportionally large accumula-
tion logic. In another example, if classification is performed
at every epoch, test vector re-ordering logic may be neces-
sary to remove old windows and add new windows. In
another example, a minimum detection latency is the time
required to generate a window (typically multiple seconds).
In another example, as EEG recordings are patient specific,
one window size may give sufficient temporal resolution in
one case, but may not be optimal for another. In contrast,
embodiments of the present invention advantageously pro-
vide the ability to learn feature timescales in a patient-
specific manner to maximize classification performance; for
example, using Exponentially Decaying Memory (EDM) as
described herein.

[0050] A support vector machine (SVM) can be used as a
supervised learning model for classification tasks of two or
more classes. Generally, a similar number of examples in
each class is required to prevent classifier bias. In the case
of seizure detection, ictal activity is rare and accurate
classification is generally a necessity to prevent the onset of
a seizure.

[0051] The one-class SVM, described herein, provides an
approach for datasets with class imbalances. It can be
viewed as a regular two-class SVM, where the training data
is taken as one class, and the origin is taken as the only
member of the second class. Training is performed without
labels, where data is mapped to a kernel space and separated
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from the origin by a hyperplane with maximum margin. To
classify an input feature vector, a decision function is
evaluated to distinguish an inlier (f(x)>0), from an outlier
(f(x)<0):

N
)= sg{z GKGvL ) —b]

i=1

[0052] Where sv, are the support vectors used to construct
the hyperplane, a; are the corresponding weights, b is the
classifier bias term, and K is implemented here as a Radial
Basis Function (RBF) kernel, defined as:

K(?’;):Q*Y\;*?HZ

[0053] This concept is exemplified in FIG. 10, where a
mode] is trained using normal physiological activity
(circles). The extracted test vectors classified as outliers
(triangles) could indicate anomalous activity such as inter-
ictal discharges (IIDs) or subclinical seizures.

[0054] In order to effectively use closed-loop neuromodu-
lation for treating neurological disorders, (1) analog circuits
are generally needed to monitor brain activity uninterrupt-
edly even during neurostimulation, (2) energy-eflicient high-
efficacy processors are generally needed for responsive,
adaptive, personalized neurostimulation, and (3) safe neu-
rostimulation paradigms with rich spatio-temporal stimuli
are generally needed for controlling the brain’s complex
dynamics. In embodiments described herein, an implantable
neural interface processor (NURIP) is provided that gener-
ally includes the above advantages, thus generally able to
perform brain state classification for reliable seizure predic-
tion and contingent seizure abortion. Thus, able to classify
brain states, (for example, seizures in epilepsy or tremors in
Parkinson’s disease) and provide responsive intervention
with electrical stimulation. In other embodiments, NURIP
can be used for enhancing other psychological states; for
example, memory recall, sleep states, or the like. In an
embodiment, NURIP is a low-power complementary metal-
oxide silicon (CMOS) device which monitors digitized
neural signal recordings and detects pathological states.
When a state is detected, the device generates electrical
stimulation waveforms to influence neural behaviour and
lead the brain to a normal physiological state.

[0055] Some devices can use simplistic biomarkers for
seizure detection, thus typically requiring manual tuning by
clinicians and typically have high noise levels resulting in a
high number of false stimulations, increasing side-effects,
and decreasing battery life. Some devices can also use
manual biomarker thresholding for classification, which also
typically requires manual tuning and a high false alarm rate.
Some devices can also use basic waveforms that can limit
the ability to specifically target stimulation and precisely
control neural activity.

[0056] In an example of the NURIP system level archi-
tecture, as diagrammatically illustrated in FIG. 3, the
NURIP can include 32 bidirectional channels, each with a
digitally charge-balanced arbitrary waveform generator
(AWG) type neurostimulator and an input-tracking A*2-
based analog-to-digital converter (ADC). The AWG advan-
tageously generates complex neuromodulation waveforms
to enhance spatial selectivity and to enable the precise
control of neural activity. Thus, advantageously, tissue and
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device electrode damage is mitigated using a charge accu-
mulation waveform monitor and applying a charge recovery
waveform when safe levels are exceeded.

[0057] Some stimulation strategies use “low resolution”
bi-phasic pulse waveforms to reduce damage caused by
charge buildup at brain-electrode interface. Low-resolution,
low-selectivity biphasic waveforms are sufficiently different
from measured EEG activity. Additionally, low-resolution
waveforms limit the ability to selectively target and control
neural activity to treat disorder symptoms. In contrast, high
resolution waveforms typically enable more intricate inter-
action with a nervous system but are typically more difficult
to regulate from a charge perspective.

[0058] In the present embodiments, the AWG advanta-
geously permits on-chip generation of complex waveforms
to enhance spatial selectivity and to enable the precise
control of neural activity. In this way, the AWG charge
accumulation register monitors neural waveform and applies
charge recovery waveform when safe levels are exceeded.
Advantageously, the AWG can enable more intricate inter-
action with the nervous system in order to control neuro-
logical disorders because charge balancing can ensure com-
pliance with charge limits.

[0059] The ADC can be configured to automatically detect
any sharp transitions in the intracranial electroencephalo-
gram (iEEG), such as those due to a stimulation artifact. The
ADC can also be configured to then shift a high-resolution
input range to zoom to the input signal, such as anywhere
within the power rails. This approach is advantageous
because it generally experiences no blind intervals caused by
sharp input transitions. An input digital stage can include an
autoencoder neural network for both iEEG spatial filtering
and dimensionality reduction. Dedicated feature extraction
blocks can be used to implement univariate (signal-band
energy (SE)) and multivariate (phase locking value (PLV)
and cross frequency coupling (CFC)) neural signal process-
ing. A proceeding support vector machine (SVM) accelera-
tor employs these features for brain state classification. A
further processor can be used to facilitate additional custom
feature extraction and system control, as suitable. In
response to a detection of a pathological brain state, an
appropriate modulation waveform is generated to control the
operation of the current-mode neurostimulator.

[0060] FIG. 4 illustrates an exemplary embodiment of
NURIP data management and signal band energy feature
extraction, showing both spatial and spectral filtering of the
input neural signals. In this embodiment, an auto-encoder
neural network is configured to perform spatial filtering and
FIR spectral filtering; having a dimensionality reduction
from 32 recording channels to 4 weighted combinations,
such as in principal component analysis; thus, reducing the
processing requirements by approximately eight times. Six-
teen hardware-based circular buffers (four are shown) enable
processing of neural recording streams, in some cases
online, with a 256-sample window. The buffers are mapped
to 8 kB of address space within 64 kB of global static RAM
(SRAM). Incoming samples are mapped to varying physical
addresses whereas the corresponding virtual addresses can
be fixed. An output stream can be band-pass filtered using a
global configurable FIR filter, which utilizes coefficients
symmetry to halve the number of Multiplier Accumulators
(MACs).

[0061] In an exemplary embodiment, an array of three
configurable neural signal feature extractors, shown in FIG.
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5B, can be used to enable custom patient-specific processing
to maximize classifier performance. The absolute output
value of each bandpass filter is taken as a measure of signal
energy. As shown in FIGS. 5A and 5B, a specific power
signature in the 8, 0, a, f and yiEEG bands can be indicative
of a seizure. FIG. 5A illustrates a windows classifier in
comparison with an EDM classifier. FIG. 5B illustrates a
multi-variate feature extraction array (in this case, three
biomarker extractors) connected to an exponentially decay-
ing memory support vector machine (an EDM array circuit
connected to each of the three biomarkers), which are then
connected to an SVM classifier. The phase locking value
(PLV) extractor shown in FIG. 5B can be used to detect
phase difference precursors of an upcoming seizure onset.
An analytic signal can be obtained using a global Hilbert
FIR filter along with a dual-core coordinate rotation digital
computer (CORDIC) block to extract the phase difference
between two input channels. Advantageously, this embodi-
ment has efficient resource reuse to provide an overall
footprint reduction of nine times in comparison with other
approaches. Cross-frequency coupling (CFC) is a key
mechanism in neuronal computation and its abnormal
appearance can serve as a key spatial biomarker for seizure
detection. Low-frequency brain rhythms modulate high-
frequency activity and a resulting envelope can be extracted
with re-use of PLV hardware. CFC can then be determined
as a synchrony between the extracted envelope and a low-
frequency modulating signal. Advantageously, the ensemble
of these three biomarkers can yield a uniquely high-dimen-
sional feature space for the classifier.

[0062] In the case of seizure prediction, onset biomarkers
are subtle and can occur minutes before seizure onset. This
presents a challenge in processing and memory requirements
for implantable devices. The NURIP includes an exponen-
tially decaying-memory support vector machine (EDM-
SVM) accelerator for efficient classification of long-term
temporal patterns. The EDM-SVM input stage, shown in
FIGS. 5A and 5B, recursively captures a feature’s history
across multiple timescales, up to multiple minutes, using a
combination of memory decay rates to enable the learning of
temporal relationships. An efficient implementation using
shift and add operations is implemented by constraining
decay coefficients to powers-of-two. The SVM accelerator
core allows the selection of linear, polynomial and radial-
basis function (RBF) kernels to trade off between perfor-
mance, energy and memory usage. As the EDM is updated,
for example at every sample, classification can be performed
continuously to minimize detection latency.

[0063] To capture temporal evolution of machine learning
features such as signal energy, some methods typically use
a windowing approach where contiguous time epochs are
concatenated to form a feature vector to be classified. Using
this approach, it is possible to learn temporal differences
between windows for events such as seizure onset. Window-
based approaches have several limitations in performance
and hardware efficiency. As an example, processing larger
windows requires proportionally large accumulation logic.
As another example, if classification is performed at every
epoch, test vector re-ordering logic may be necessary to
remove old windows and add new windows. As another
example, a minimum detection latency is typically the time
required to generate a window, which is typically multiple
seconds. As another example, EEG recordings are typically
patient specific, so one window size may give sufficient
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temporal resolution in one case, but may not be optimal for
another. Due to the fact every person or patient is different
and presents different neurological biomarkers, advanta-
geously, using machine learning approaches, as embodied
herein, allows the system to learn and apply stimulation on
a patient-by-patient basis.

[0064] Advantageously, some of the present embodiments
use feature timescales in a patient-specific manner to maxi-
mize classification performance. Exponentially decaying
memory (EDM) is an approach which can provide such an
advantage. Rather than accumulating and concatenating
fixed windows, the system can use a continuous sampling
recursive window defined by:

EDMy=EDM, |,-a[EDM,1y-x,] 0y

[0065] In the above formula (1), in some cases, an initial
EDM “magnitude” can be 0. In this way, a new value for an
EDM is the old value, minus a weighted difference between
the old value and the new value. The new value, x(t), can be
incorporated based on a set learning rate.

[0066] In some cases, this approach incorporates new
inputs or degrades existing memory of a feature according to
a decay rate, o.. Where:

1 .
a=—,N=21<i<l16
N
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values of a can result in longer-term memory, while larger
values can capture finer time resolutions.

[0069] In some cases, different decay rates can be com-
bined by arranging the different decay rates linearly in
memory. For example, Decay Rate 1 can be located at
memory address 0x0 (element 0 in the test vector), Decay
Rate 2 can be located at 0x1 (element 1). During training, the
model can be optimized based on an assumption that Decay
Rate 1 will be at a first element in a test vector, and the like.

[0070] FIG. 6 illustrates an exemplary representation of
the performance of NURIP’s EDM implementation on an
application specific integrated circuit using an intracranial
EEG database. In this example, an extracted feature space
used for classification consists of 125 dimensions derived
through offline feature selection and is constrained to under
200 support vectors by the on-chip SRAM. Applicant
observed a sensitivity of 100% and a false positive rate
(FPR) of 0.81 per hour. In this case, it was measured that a
classification rate of 4 Hz requires a power consumption of
approximately 674.4 W with a nominal voltage of 1.2 V and
an operational frequency of 10 MHz. Two examples of a
system on chip (SoC) micrograph and the channel floorplan
are shown in FIGS. 7 and 8, respectively. The following
chart demonstrates exemplary advantages of the NURIP
chip of the present embodiment compared with various other
devices (chips) both in terms of the channel performance
and digital processing performance:

Chip #1  Chip #2 Chip #3 Chip #4  NURIP
TECHNOLOGY — 0.18 0.18 0.13 0.13
(um)
FEATURE CPU FFT, SE PLV PLV,
EXTRACTION Entropy CFC,
SE, CPU
CLASSIFIER SVM LLS D?A-LSVM  Threshold EDM-
SVM
SAMPLE 65 96 samples 3s 64 samples « (EDM)
MEMORY
LATENCY (s) 2 0.8 1 — <0.1
MEMORY (kB) 64 0 64 0 96
WAVEFORM — Bi-phasic Bi-phasic — AWG
GEN.
CHARGE — — PVTES — BECR
BALANCING
ENERGY/CLASS. 273 77.91 273 — 168.6
(W7

[0067] Advantageously, EDM can minimize latency as the
output is continuous and can be classified at every sample,
rather than every window. Furthermore, temporal resolution
can be maximized as accumulation over an epoch is not
required. EDM can be implemented efliciently in hardware
using shift and add operations if N is limited to powers-of-
two. This efliciency provides a technological advantage by
allowing multiple EDMs to be used in parallel, enabling
multiple timescales to be processed simultaneously at a low
computational cost.

[0068] In the present embodiment, after the signal energy
is extracted for a given EEG band, its value is passed to a
corresponding bank of one or more EDMs. Each EDM
implements a different decay rate, o, complementing one
another by offering a different temporal perspective of the
input feature to be used for classification. In this way, small

[0071] Turning to FIG. 1, a system for classifying time
series data for state identification 100, according to an
embodiment, is shown. The system 100 includes one or
more processors 102 in communication with one or more
memory units 104. The one or more memory units 104 store
the operating system and programs, including computer-
executable instructions for implementing the system 100.
During operation of the system 100, the one or more
processors 102 can be configured to execute a training
module 106, an input module 108, an exponential decay
module 110, a support vector module 112, and an output
module 114.

[0072] In an embodiment, the system 100 is connectable
to one or more electrodes 150 implantable in a patient’s
brain via an analog front-end 160.

[0073] Turning to FIG. 2, a computer-implemented
method for classifying time series data for state identifica-
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tion 200, according to an embodiment, is shown. At block
202, the training module 106 trains a machine learning
model (for example, a support vector machine (SVM)) to
classify occurrences of the state by classifying a represen-
tative feature vector, using a respective training set. The
respective training set comprising feature vectors of the time
series data labelled with occurrences of the state.

[0074] At block 204, the input module 108 receives a new
time series data stream comprising a plurality of samples. In
an example, the new time series data can come from data
already stored in the one or more memory units. In another
example, the new time series data can come from a signal
received by the system, for example an EEG signal received
from electrodes.

[0075] At block 206, the exponential decay module 110
defines at least one continuous sampling window, each
continuous sampling window comprising one or more
samples from the time series data preceding a current
sample. An epoch for each respective continuous sampling
window determined according to a respective exponential
decay rate.

[0076] At block 208, the support vector module 112 deter-
mines whether a current sample in the new time series data
stream is an occurrence of the state by determining a
classified feature vector. The classified feature vector is
determined by passing the current sample and samples in the
at least one continuous sampling window into the trained
machine learning model.

[0077] At block 210, the output module 114 outputs the
determination of whether the current sample is an occur-
rence of the state. In an example, the output module 114 can
output to a user output device, such as a monitor or speaker.
In another example, the output module 114 can output to
another computing system, or other module on the current
system, via a communication network. In another example,
the output module 114 can output to a neurological stimu-
lation device or system, such as a waveform generator as
described herein.

[0078] In an example of the present embodiments, the
present inventors experimentally demonstrated the system
using an intracranial EEG epilepsy database with annotated
clinical and subclinical seizure events. Patients were
selected based on a postoperative outcome of Engel class 1,
indicating that intracranial electrodes were positioned at an
informative location. After the first 24 hours of neural
recordings are accumulated, feature extraction is performed
by the system to generate an initial training set. Labelled
subclinical and clinical seizure events, as labelled by an
expert in the field, are removed along with a surrounding
period of recordings, in this case 10 minutes of surrounding
period. An OC-SVM model is trained and stored on an
FPGA fabric along with feature normalization coefficients
used for the training data. In this case, generally, minimizing
misclassification of normal physiological neural activity
while ensuring that pathological activity is captured is a key
consideration. To enable this trade-off, classifier output is
smoothed using a moving average window, which can be
increased at the expense of detection latency. Once high-
lighted activity has been annotated, for example by the
expert, a refined supervised model can be trained on a
microserver to be uploaded to the implanted device. SVM
training can then be performed on a computing system, for
example, on a Zynq SoC’s dual-core CPUs using a LibSVM
implementation. The required training time generally scales
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linearly with the number of features used on the implanted
device and the FPGA fabric. In this case, the number of
training vectors were generally constrained by external
memory to 50,000 with a dimensionality of 400. In some
cases, incremental training can be performed to enable the
use of larger volumes of data.

[0079] In this example, performance of the system was
validated using 500 hours of iEEG data across four subjects
in the expert-labelled epilepsy database. A combination of
16 depth and surface electrodes were determined on a per
patient basis based on proximity to the seizure onset zone.
The feature extraction implementation used five spectral
bands per channel, each with a decay coeflicients of 4, 6, 8,
10, 12, 14 and 16. The resulting feature vector had a
dimensionality of 560. An illustration of the feature space
for an electrode placed in the seizure onset zone and the
resulting OC-SVM output are shown in FIG. 6; where
detected outlier activity corresponds to an expert labelled
clinical seizure onset time segment. In this experiment,
using the system, a seizure detection rate of 97.05% was
achieved.

[0080] Although the foregoing embodiments generally
describe a support vector machine (SVM) for the machine
learning model, any suitable machine learning model or
technique can be used; for example, artificial neural net-
works (ANNs), Logistic Regression, Nearest Neighbors
classifiers, or the like.

[0081] Although the foregoing has been described with
reference to certain specific embodiments, various modifi-
cations thereto will be apparent to those skilled in the art
without departing from the spirit and scope of the invention
as outlined in the appended claims. The entire disclosures of
all references recited above are incorporated herein by
reference.

1. A computer-implemented method for classifying time
series data for state identification, the time series data
comprising a series of samples, the method comprising:

training a machine learning model to classify occurrences

of the state by classifying a representative feature

vector, using a respective training set, the respective

training set comprising feature vectors of the time

series data labelled with occurrences of the state;
receiving a new time series data stream;

determining whether a current sample in the new time
series data stream is an occurrence of the state by
determining a classified feature vector, the classified
feature vector determined by passing the current
sample and samples in at least one continuous sampling
window into the trained machine learning model, each
continuous sampling window comprising one or more
preceding samples from the time series data, an epoch
for each respective continuous sampling window deter-
mined according to a respective exponential decay rate;
and

outputting the determination of whether the current

sample is an occurrence of the state.

2. The method of claim 1, wherein each continuous
sampling window is recursively defined based on the epoch
of a previous iteration of the respective window subtracted
by the respective decay rate multiplied by the epoch of such
previous iteration.

3. The method of claim 2, wherein the at least one
continuous sampling window comprises at least two con-
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tinuous sampling windows, the epoch of each of the con-
tinuous sampling windows are defined by a different expo-
nential decay rate.

4. The method of claim 3, wherein each exponential decay
rate is a reciprocal of a power of 2.

5. The method of claim 4, where each exponential decay
rate is in the range of ¥ to 1/(2'°).

6. The method of claim 3, wherein each epoch is on the
order of minutes or less.

7. The method of claim 3, wherein the state vector
machine learning model uses one of linear, polynomial and
radial-basis function (RBF) kernels.

8. The method of claim 2, wherein the at least one
continuous sampling window comprises a plurality of con-
tinuous sampling windows organized into at least two banks
of continuous sampling windows, each bank comprising at
least one continuous sampling window, the continuous sam-
pling windows in each bank having a different exponential
decay rate than the continuous sampling windows in the
other banks.

9. The method of claim 3, wherein the time series data
comprises physiological signals and the state comprises a
physiological event.

10. The method of claim 9, wherein the time series data
comprises electroencephalography (EEG) signals and the
state comprises one or more onset biomarkers associated
with a seizure.

11. A system for classifying time series data for state
identification, the system comprising one or more processors
and one or more memory units, the one or more memory
units storing the time series data comprising a series of
samples, the one or more processors in communication with
the one or more memory units and configured to execute:

a training module for training a machine learning model

to classify occurrences of the state by classifying a
representative feature vector, using a respective train-
ing set, the respective training set comprising feature
vectors of the time series data labelled with occurrences
of the state;

an input module for receiving a new time series data

stream comprising a plurality of samples;

an exponential decay module for defining at least one

continuous sampling window, each continuous sam-
pling window comprising one or more samples from
the time series data preceding a current sample, an
epoch for each respective continuous sampling window
determined according to a respective exponential decay
rate;
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a support vector module for determining whether a cur-
rent sample in the new time series data stream is an
occurrence of the state by determining a classified
feature vector, the classified feature vector determined
by passing the current sample and samples in the at
least one continuous sampling window into the trained
machine learning model; and

an output module for outputting the determination of
whether the current sample is an occurrence of the
state.

12. The system of claim 11, wherein each continuous
sampling window is recursively defined based on the epoch
of a previous iteration of the respective window subtracted
by the respective decay rate multiplied by the epoch of such
previous iteration.

13. The system of claim 12, wherein the at least one
continuous sampling window comprises at least two con-
tinuous sampling windows, the epoch of each of the con-
tinuous sampling windows are defined by a different expo-
nential decay rate.

14. The system of claim 13, wherein each exponential
decay rate is a reciprocal of a power of 2.

15. The system of claim 14, where each exponential decay
rate is in the range of 14 to 1/(2'9).

16. The system of claim 13, wherein each epoch is on the
order of minutes or less.

17. The system of claim 13, wherein the state vector
machine learning model uses one of linear, polynomial and
radial-basis function (RBF) kernels.

18. The system of claim 12, wherein the exponential
decay module defines a plurality of continuous sampling
windows organized into at least two banks of continuous
sampling windows, each bank comprising at least one con-
tinuous sampling window, the continuous sampling win-
dows in each bank having a different exponential decay rate
than the continuous sampling windows in the other banks.

19. The system of claim 13, wherein the time series data
comprises physiological signals and the state comprises a
physiological event.

20. The system of claim 19, wherein the time series data
comprises electroencephalography (EEG) signals captured
by electrodes in communication with the system, and the
state comprises one or more onset biomarkers associated
with a seizure.
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